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The three chapters of my dissertation study factors that contribute to the uneven distribution of economic
activities across space. In the first chapter, I study why firms are more productive in larger cities, by
focusing on a potential explanation first proposed by Adam Smith: Larger cities facilitate greater division
of labor within firms. Using a dataset of Brazilian firms, I first document that division of labor is indeed
robustly correlated with city size, controlling for firm size. I propose a theoretical model in which this
relationship is generated by both a selection effect—firms endogenously sort across space, choosing different
extents of division of labor—and a treatment effect—larger cities increase division of labor for all firms, by
reducing the costs associated with greater division of labor. The model embeds a theory of firms’ choice of
the optimal division of labor in a spatial equilibrium model. Structural estimates derived from the model
show that division of labor accounts for 16% of the productivity advantage of larger cities in Brazil, half
of which is due to firm sorting and the other half to the treatment effect of city size. The theory also
generates a set of auxiliary predictions of firms’ responses to a reduction in the cost of division of labor.
Exploiting a quasi-experiment that changes the cost of division of labor within cities—the gradual roll-out
of broadband internet infrastructure—I find causal empirical support for these predictions, validating the
model. Finally, the quasi-experiment also provides out-of-sample validation for the structural estimation.
The estimated model predicts changes in the average division of labor within different cities in response to
the new broadband internet infrastructure, which I find are similar to the actual changes.
The second chapter, co-authored with Ariel Burstein, Gordon Hanson and Jonathan Vogel, studies how
occupation (or industry) tradability shapes local labor-market adjustment to immigration. Theoretically,
we derive a simple condition under which the arrival of foreign-born labor into a region crowds native-
born workers out of (or into) immigrant-intensive jobs, thus lowering (or raising) relative wages in these
occupations, and explain why this process differs within tradable versus within nontradable activities. Using
data for U.S. commuting zones over the period 1980 to 2012, we find that consistent with our theory a local
influx of immigrants crowds out employment of native-born workers in more relative to less immigrant-
intensive nontradable jobs, but has no such effect within tradable occupations. Further analysis of occupation
labor payments is consistent with adjustment to immigrationwithin tradables occurringmore through changes
in output (versus changes in prices) when compared to adjustment within nontradables, thus confirming our
model’s theoretical mechanism. We then use an extended quantitative model to interpret the magnitudes
of our reduced-form estimates and to aggregate up the consequences of counterfactual changes in U.S.
immigration from the region-occupation level to the region-level.
The third chapter proposes a new channel through which improvements in transportation or communications
technologies affect skill distribution across space. In this joint work with Yang Jiao, we start with the
empirical observations that substantial skill and occupation relocation took place across U.S. cities during
past decades. In particular, big cities attract more skilled workers and become more specialized in cognitive-
intensive occupations. Motivated by empirical literature on the association betweenmodern communications
technology adoption and production fragmentation, we develop a spatial equilibrium model with domestic
production fragmentation to analyze the impact of a reduction in the costs of cross-city production teams—
e.g., communications cost—on spatial distribution of skills and economic activities. The model generates
predictions consistent with the observed empirical patterns, including more spatial segregation of skilled
and unskilled workers, and occupation specialization across U.S. cities over time. In contrast to findings
in the international offshoring literature, in which there are winners and losers, we find, under regularities
conditions, there are Pareto welfare gains for all agents with heterogeneous skills, together with a substantial
measured labor productivity increase at the aggregate level.
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Chapter 1. Division of Labor and Extent of Market: Theory and Evidence from Brazil
1.1 Introduction
Firms are more productive in larger cities. Numerous theories have been put forth to explain this stylized fact,
including knowledge spillover, sharing of indivisible public facilities, and availability of intermediate inputs
such as labor.1 However, empirical literature that differentiates these mechanisms is limited. Understanding
and identifying the sources of agglomeration forces is important, as different mechanisms may generate
different productivity and welfare implications for a given policy. As Lucas (1976) points out, without
knowing how policy affects the behavior of private agents such as firms, it is unwise to predict the effects of
a new policy based on past data.
This paper investigates one potential mechanism for the city-size-productivity relation: division of labor
within firms. The idea that division of labor may contribute to spatial productivity difference was first
discussed by Smith (1776), who proposes that firms in larger cities adopt greater division of labor, thereby
raising local productivity. However, there is little modern theory and no empirical work that studies the
importance of this force for the productivity advantages of larger cities. In this paper, I investigate this
problem using a combination of empirical, theoretical and structural analyses, and find that division of labor
within firms accounts for a substantial share of productivity differences across cities.
I construct a unique dataset on firm-level division of labor using a sample of matched employer-employee
records of Brazilian firms.2 The dataset allows me to document two new stylized facts on firms’ division of
labor: Within a sector, there is greater division of labor inside firms in larger cities; within a city, there is
greater division of labor within firms that produce more complex goods.3 The correlations remain largely
unchanged when controlling for characteristics such as firm size and skill intensity.
1See Duranton and Puga (2004) for a review of this literature.
2The main dataset used is the confidential micro-level data from the Annual Social Report of Brazil (Relação Anual de
Informações, or RAIS). The RAIS dataset covers all registered firms in Brazil and contains comprehensive information on firm
and worker characteristics. The RAIS data classify workers into 6-digit CBO codes, each of which is accompanied by a detailed
description of the tasks involved. In contrast, most other matched employer-employee datasets, such as the Portuguese Quadros
de Pessoal and French Déclarations Annuel des Données Sociales, only provide 4-digit occupation classifications. I provide more
details on the data and construction of division of labor within firms in Sections 1.2.1 and 1.2.2 and Appendix A.4.
3For all empirical exercises, a firm is defined as an establishment for multi-establishment firms.
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Motivated by the stylized facts, I develop a theoretical framework in which the spatial distributions of firms’
division of labor and productivity are determined jointly. The model embeds firms’ endogenous decisions
on division of labor into a spatial equilibrium model. Through the model, I propose specific mechanisms
that generate the observed correlation between division of labor and city size. Firms are exogenously
heterogeneous in the complexity of their products, and choose division of labor and size of the city in which
to locate. As in Becker and Murphy (1992), the optimal division of labor depends on two forces: gains from
labor specialization and costs of coordination.4 The model makes two key reduced-form assumptions, each
of which is microfounded in the appendix: First, firms producing more complex products benefit relatively
more from labor specialization; second, the costs of division of labor are lower in larger cities.5 Since in
equilibrium, more complex firms—i.e., firms with more complex products—choose greater division of labor,
and firms with greater division of labor benefit more from being in larger cities, there is positive assortative
matching between firm complexity and city size. Firms in larger cities exhibit a greater division of labor for
two reasons: (i) the direct effect of city size, i.e., larger cities make it less costly for all firms to increase the
level of worker specialization; and (ii) sorting of firms, i.e., larger cities are also occupied by more complex
firms that choose to have a deeper division of labor.
The model produces equilibrium results that are consistent with salient features of the Brazilian economy.
Within sectors, firms are larger and more productive in bigger cities. Across sectors, the model predicts a
systematic pattern in the geographic distribution of firms. In particular, since more complex firms benefit
more from being in larger cities, the model predicts that the geographic distribution of firms in more complex
sectors displays first-order stochastic dominance over that of firms in less complex sectors.
I next bring the model to data to recover estimates of the parameters, using a method of simulated moments. I
parameterize an extended version of the model, which incorporates the standard reduced-form agglomeration
4Examples of the costs include training costs of specialists, monitoring costs, and the time lost in combining the output of
specialized workers.
5I microfound the first assumption following closely the argument in Costinot (2009). I microfound the second assumption in
two distinct ways. First, following the Henry George Theorem (Arnott and Stiglitz, 1979), larger cities spend more on non-rival
public infrastructure (such as ICT infrastructure) and this infrastructure helps lower the cost of communication within firms. Second,
following Marshall (1890), larger cities facilitate learning, inducing workers to pursue a more specialized set of skills that reduces
the cost of training. While the model remains agnostic on the precise mechanisms at work, in the empirical analysis I provide
reduced-form evidence for the importance of one particular channel: ICT infrastructure. See Section 1.3 and Appendices A.2.1 and
A.2.2 for more detailed discussions.
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externalities in the urban literature (see, e.g., Allen and Arkolakis, 2014), imperfect sorting of firms, and
a discrete set of cities. To quantify the contribution of division of labor to productivity difference across
cities, I perform a counterfactual analysis in which I shut down productivity improvement through division
of labor. I find that division of labor accounts for 16% of the relationship between productivity and city
size—roughly comparable to the importance of natural advantage and the labor-market-based knowledge
spillover estimated in previous literature.6 I further disentangle the roles played by spatial sorting of firms and
the direct effect of city size in another counterfactual experiment, in which I shut down the systematic sorting
of firms. I estimate that each channel contributes approximately half of the 16% productivity advantage
through division of labor.
I present empirical evidence that supports the proposed theory. To do so, I focus on a specific channel that
generates the complementarity between division of labor and city size: Larger cities provide better ICT
infrastructure, which increases firms’ division of labor. Modern ICT technologies, such as fast internet,
can facilitate greater division of labor within firms through a number of mechanisms, e.g., by improving
communications efficiencies, enhancing information storage and sharing, or reducing coordination frictions
within firms (see, e.g., Borghans and Weel, 2006; Varian, 2010; McElheran, 2014; and Bloom et al.,
2014).7 Given an exogenous improvement in ICT infrastructure in certain areas, the model generates three
predictions. First, in response to an exogenous improvement in ICT infrastructure in a given city, firms in that
city increase their division of labor. Second, in response to an exogenous improvement in ICT infrastructure
in a given city, the increase in the extent of division of labor is larger for firms in more complex sectors.
Third, in response to an exogenous improvement in ICT infrastructure in a set of cities, the increase in the
extent of division of labor is larger for firms in larger cities.
I confront the model’s predictions for how variables respond to changes in ICT infrastructure with data,
by leveraging a quasi-experiment in Brazil. I exploit the expansion of broadband infrastructure as part of
6Ellison and Glaeser (1999) find that natural advantage contributes to approximately 20% of productivity gains in larger cities.
Serafinelli (2015) shows that firm-to-firm worker flows explain about 10% of agglomeration advantages in higher-density areas.
7Borghans and Weel (2006) find, using a sample of Dutch establishment data, that adoption of computer technology enhances
communication within the firm and leads to greater worker specialization. Varian (2010) proposes that computers can mediate
transactions among workers and lead to productivity gains through improvements in coordination. Using US plant-level data,
McElheran (2014) documents that IT purchasing and adoption are associated with reduction in within-firm coordination costs.
Lastly, Bloom et al. (2014) argue that information technologies improve plant managers’ span of control, while communication
technologies improve coordination efficiencies within the firm and decrease the autonomy of plant managers.
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the Brazilian National Broadband Plan (PNBL henceforth). The new ICT infrastructure was implemented
gradually between 2012 and 2014, creating a quasi-experiment that allows me to identify its effects using a
difference-in-differences method. To identify the impact of improved ICT infrastructure on firms’ division
of labor, I compare establishments in locations that received new internet infrastructure to those that did
not during the gradual roll-out of the broadband infrastructure. That the alignment of the infrastructure
was predetermined and implementation followed a geographically determined order reduces concerns about
nonparallel trends in the outcome of interest for locations on and off the new infrastructure network. I
conduct an extensive set of robustness tests, including direct inspection of pre-trends, which supports a
causal interpretation of my results. I find evidence that verifies the model’s three predictions: (i) firms’
division of labor increases in areas that receive faster internet connections relative to those in other areas;
and (ii) the relative increases are greater for establishments producing in more complex sectors and (iii)
for establishments located in larger cities. The quasi-experiment also provides external validation for the
structural estimates. The estimated model predicts changes in the average division of labor within different
cities in response to ICT infrastructure improvement, which I find are similar to the actual changes.
Lastly, I use the estimated model to answer questions that are not directly answerable in the Brazilian
data. First, I show that broadband roll-out has large short-run productivity effects, and that these arise not
only through the direct effect of infrastructure but also through firms’ endogenous responses on division
of labor. Second, the estimated model also allows me to evaluate the out-of-sample long-run impact of
improved ICT infrastructure. In the sample, I only observe a maximum of two years after implementation
of the new infrastructure, preventing me from estimating its long-run effects in the reduced-form analysis.
Using the estimated model, I characterize the long-run general-equilibrium effects, taking into consideration
migration of firms and workers into areas with improved infrastructure. I find that the long-run relative
productivity effects are larger than the short-run effects, because firms and workers would migrate to regions
with improved ICT, which further raises productivity through agglomeration externalities. Third, I study
the aggregate implications of the broadband roll-out as the reduced-form difference-in-differences analysis
cannot identify the aggregate impact. I find that at the aggregate level, the policy reduces spatial inequality
across cities.8 Furthermore, it has small aggregate impacts on TFP and welfare because of the reallocation
8It is because the policy targeted lower-density and less-developed regions in Brazil.
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of firms and workers across space.9
The paper connects several strands of literature. First, it is related to studies on agglomeration externalities.
The productivity advantage of larger cities has been studied extensively on the empirical front (see, e.g.,
Rosenthal and Strange, 2004; and Melo et al., 2009) and theoretically (see, e.g., Eeckhout and Kircher, 2011;
Davis and Dingel, 2012; Behrens et al., 2014; and Gaubert, 2016). My theoretical framework is most closely
related to the one developed by Gaubert (2016), in which sorting of firms is generated by a reduced-form
assumption that more productive firms benefit more from being in a larger city. My model builds on her
framework by putting forth a microfounded theory for the reduced-form assumption. This microfoundation
allows me to both empirically identify a specific mechanism that generates the complementarity between
firm technology and city size, and to derive a set of auxiliary predictions consistent with the data on several
margins. More generally, by offering a closer look at firms’ internal organization, the paper proposes
theoretically, and identifies empirically, a new channel that explains the productivity advantage of larger
cities, further opening up the “black box” of agglomeration externalities.
My paper complements recent work by Caliendo and Rossi-Hansberg (2012), Caliendo et al. (2015c), and
Caliendo et al. (2015b), who examine the productivity impacts of firm organization, defined by a firm’s
vertical hierarchical layers. I focus on a distinct yet equally important dimension of firm organization, i.e.,
horizontal specialization by means of division of labor. Theoretically, I build on ideas introduced by Becker
and Murphy (1992), who argue that division of labor is a tradeoff between gains from worker specialization
and coordination costs, and by Costinot (2009), who finds that the gains from division of labor are related
to the complexity of the production process.10 I enrich these theoretical discussions by developing a spatial
equilibrium framework that links a firm’s decision on division of labor to its location choice, to study
the relationship between division of labor and city size and determine how firms’ organization decisions
contribute to spatial productivity differences.11
9There are gains in productivity from agglomeration externalities when workers and firms move into a location, and reductions
in productivity when workers and firms move out, resulting in ambiguous aggregate impact (Kline and Moretti, 2014).
10In a related empirical work, Boning et al. (2007) document, using detailed panel data on production lines in U.S. minimills,
that the adoption of a more effective organization structure is strongly influenced by the complexity of the production process, which
suggests the presence of such a complementarity.
11Chaney and Ossa (2013) extend Krugman (1979)’s “new trade model” by allowing for an explicit decision regarding firms’
division of labor. They show that an exogenous increase in the aggregate number of consumers induces a deeper division of labor
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My paper also contributes to a small empirical literature on division of labor. To my knowledge, my work
is the first comprehensive study of division of labor within firms. Previous literature tends to focus on
particular industries, such as physicians (Baumgardner, 1988) and lawyers (Garicano and Hubbard, 2009).
The results of these studies support my stylized fact that division of labor increases with city size. However,
these detailed case studies, despite their advantage of offering precise measurements within the relevant
industries, may not be representative of the wider economy and are thus unsuitable for assessing the general
equilibrium effects of division of labor on productivity. A notable exception is Duranton and Jayet (2011),
who study the whole of the manufacturing sector using French census data, and find that scarce specialist
occupations are overrepresented in larger cities. My dataset allows me to go beyond this by observing the
extent of division of labor within firms, which motivates my fully specified model of firm behavior with
underlying heterogeneity. It is important to consider the role firms play in division of labor. As Garicano
(2000) convincingly argues, organizations exist, to a large extent, to solve coordination problems in the
presence of specialization. Incorporating heterogeneous firms is also essential to study how firm sorting
affects division of labor across different cities.
I also provide new evidence on the impact of ICT infrastructure. There is growing consensus that the adoption
of ICT is associated with improvements in productivity.12 While important, these studies almost exclusively
present correlation results. Significant recent progress is made by Hjort and Poulsen (2016), who exploit
the gradual arrival of submarine internet cables in African coastal cities as an exogenous shock to provide
direct evidence on how access to modern ICT technology affects job creation, job inequality, and income
in African countries. My work focuses on the impact of ICT infrastructure at the firm level and explores a
new outcome, i.e., firms’ division of labor. I demonstrate how access to faster internet affects productivity
by increasing division of labor within firms, thus expanding the body of evidence on the productivity impact
of new technologies.
due to increase in the residual demand for the firm. My model differs in two ways. First, it incorporates the direct effect of city
size on division of labor, i.e., two firms facing the same residual demand may adopt different extents of division of labor if they are
located in cities of different sizes. Second, my theory is a full spatial equilibrium model with endogenously determined city sizes.
12In developing countries, Clarke and Wallsten (2006) find that a 1% increase in the number of internet users is correlated with a
3.8% increase in exports from low-income to high-income countries. Qiang and Rossotto (2009) present cross-country evidence that
a 10% increase in the broadband penetration ratio is associated with a 1.38% increase in GDP per capita growth rate. Commander
et al. (2011) show that adoption of the internet correlates positively with firm performance in Brazil and India. See Draca et al.
(2009) for a review of studies on developed countries.
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Lastly, my paper is related to studies on the impact of place-based policies. Seminal work by Kline and
Moretti (2014) highlights the importance of studying both the local and aggregate impacts of place-based
policies. They find that a spatially targeted policy shifts economic activities from one locality to another,
resulting in positive local impacts but ambiguous aggregate impacts. Using my empirically founded theory,
I bring firms’ explicit decisions on division of labor into the analysis, to identify a specific channel through
which these policies can affect firm productivity and aggregate welfare.
The remainder of the paper is organized as follows. Section 3.2 describes the data and definitions, and
documents stylized facts about firms’ division of labor. Section 1.3 develops a spatial equilibrium model
with endogenous firm organization and presents descriptive evidence that is consistent with the equilibrium
characteristics in the model. Section 1.4 summarizes the quantitative framework and presents results from
the counterfactual exercise. Section 1.5 details results from a quasi-experiment, which provide empirical
support for the model and the structural estimates. Section 3.12 concludes.
1.2 Data and Stylized Facts
In this section, I first describe the data sources and definitions used in the empirical analysis. Using the
dataset, I then document two new stylized facts that motivate the theoretical framework: Division of labor
within firms is positively correlated with both city size and production complexity.
1.2.1 Data
The primary data source is the Brazilian Annual Social Information Report (Relação Anual de Informações,
or RAIS), spanning the period from 2006 to 2014. Constructed annually by the Ministry of Labor and
Employment (Ministerio do Trabalho e Emprego, or MTE), this administrative dataset provides a high-
quality census of all establishments operating in the formal labor market (Saboia and Tolipan, 1985; De Negri
et al., 2001). RAIS data contain linked employer-employee records. Both employers and employees have an
incentive to accurately report relevant information: the former are liable for fines if they fail to report, and
the latter are required to provide accurate information in RAIS to receive payments for several government
benefit programs. Also, the MTE conducts frequent checks on establishments across the country to verify
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the accuracy of information reported.
The dataset has recently been used extensively (e.g., Dix Carneiro and Kovak, ming; Helpman et al., ming).
The scope of RAIS includes almost all formally employed workers, which refer to the group of workers
who have signed work cards that give them access to the benefits and labor protections afforded by legal
employment systems. The data contain unique, anonymized, and time-invariant establishment identifiers
that allow me to track establishments over time. I use the establishment’s geographic location (municipality)
and sector, and worker-level information including occupation, hours and days worked, and December
earnings.13
These data have various advantages over other datasets used in previous studies. First, RAIS is a census
rather than a sample, so it is representative at a fine geographic level. Second, relative to Duranton and Jayet
(2011), the matched employer-employee records available in RAIS allow me to study division of labor within
establishments and, in turn, develop a theory that models establishments’ endogenous decisions regarding
division of labor. Third, I can analyze adjustments in establishments’ division of labor in response to a
change in ICT infrastructure using a difference-in-differences (DiD) method, as the data is panel in nature
and available every year. This allows me to control for both observable and unobservable establishment
characteristics. Fourth, there has been considerable concern about the accuracy of self-declared occupations
in the population census data.14 Worker information in RAIS, in contrast, is provided by the employer
(typically the human resources department). Hence, the quality of worker occupation information is more
accurate and reliable. Fifth, RAIS data offer detailed occupation codes at the 6-digit level (i.e., the Brazilian
CBO-02 codes), with a total of more than 2,500 occupation codes, each accompanied by detailed task
descriptions.15 The richness of the data allows me to chart out, in a precise manner, an establishment’s
internal organization structure and construct a measure for establishment-level division of labor.
I supplement the main dataset with other types of survey data. For information on local population and land
13RAIS reports earnings for December and average monthly earnings during employed months in the reference year. Following
Dix Carneiro and Kovak (ming), I use December earnings to avoid seasonal variation or month-to-month inflation.
14For example, Sullivan (2009) estimated that 9% of occupation choices in the National Longitudinal Survey of Youth are
misclassified.
15In contrast, most other matched employer-employee datasets, such as the Portuguese Quadros de Pessoal and French Décla-
rations Annuel des Données Sociales, only provide 4-digit occupation classifications.
8
area, I use the Brazilian National Household Sample Survey (PNAD). I rely on the Brazilian Annual Industry
Survey (PIA) for sector-level data on firm revenue, value-added, and the number and value of intermediate
inputs. For all empirical and structural analyses, I limit the sample of firms to only tradable sectors, to be
consistent with the assumptions of the model.16
1.2.2 Definitions
Empirically, I measure division of labor using the heterogeneity of 6-digit occupation codes within an
establishment. I first remove occupation codes that involve primarily managerial or supervisory tasks.
Managers play a coordinating role within an organization (see, e.g., Bloom et al., 2014), and therefore
removing them would allow me to more accurately measure the extent of task division involved in the
actual production process.17 I then use the remaining codes to construct two measures for division of labor.
The first is a simple count of the number of nonmanagerial / nonsupervisory occupation codes within an
establishment.18 I consider an alternative measure, the specialization index, which is defined as one minus
the Herfindahl index across occupations within an establishment (e.g., Ciccone, 2002; Duranton and Jayet,
2011). For robustness tests, I use the more aggregate 4-digit CBO codes.19
I define cities by “microregions,” which are formally defined geographic unit constructed by Brazilian Sta-
tistical Agency (Instituto Brasileiro de Geografia e Estatística, or IBGE). A microregion is a cluster of
economically integrated and geographically contiguous municipalities with similar geographic and produc-
tive characteristics (IBGE). For my analysis, I use all 558 microregions. To compare city sizes, I use a
normalized measure based on the population density.20
16I define tradable sectors as agriculture, mining, andmanufacturing sectors, corresponding to Brazilian Industry Codes CNAE20
01113-33295.
17I identify all 6-digit CBO occupation codes that are related to supervisory or managerial functions using a machine-learning
method, explained in Appendix A.1.
18For simplicity of exposition, I refer to this measure as the number of occupations within an establishment.
19Please see Appendix A.1 for a more detailed discussion on construction of measures for division of labor.
20Density is simply defined by microregion population size over the geographic area of the microregion. Standard urban models
typically imply that both the density and the level of city population may generate agglomeration externalities. I follow Ciccone
and Hall (1996) and use density as my primary agglomeration measure. Since microregion population and density are strongly
positively correlated, the choice of measure matters little for my analyses.
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Lastly, I construct two measures of product complexity at the sector level. The first uses Brazilian Input-
Output data and computes the number of intermediate inputs used by each sector in producing the sector-level
outputs. The intuition is that a more diverse input structure may lead to a more complex output (see, e.g.,
Levchenko, 2007). The second focuses on the dimension of product sophistication. Following Hausmann
et al. (2007) and Wang and Wei (2010), I measure sector-level complexity using the export share of goods by
G3 economies (i.e., U.S., European Union, and Japan). Since goods exported by these advanced economies
are more sophisticated, they tend to involve more complex production processes.
1.2.3 Stylized facts
Using the dataset, I document new stylized facts on division of labor within firms. I find that within sectors,
there is greater division of labor within firms in larger cities; and within cities, there is greater division of
labor within firms producing in more complex sectors.
Correlation between division of labor within firms and city size
I investigate the relationship between division of labor and city size using following OLS regression:
log Nj = α0 + α1 log Lm( j ) + δs( j ) +Xm( j ) + ε j
where Nj is the number of occupations within an establishment j (i.e., the empirical measure for an
establishment’s division of labor), Lm( j ) is the size of city m in which establishment j is located, δs( j ) is the
sector fixed effect, and X j is a set of controls.21
Table 1.1 summarizes the relationship between division of labor and city size. In particular, Column (2)
shows that even after conditioning on establishment size and other controls, division of labor is strongly
and positively correlated with city size. The correlations remain high when I consider different subsets of
21The controls include establishment-level controls (establishment employment sizes and skill intensities within firms) and
city-level controls (state fixed effects, share of high-skilled workers, average wage, sector diversity, and the total employment of
sector s in city m).
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firms.22 The results are also robust to using the alternative definition of firms’ division of labor — the
specialization index, as well as the more aggregate 4-digit CBO codes.23 Lastly, I divide establishments into
deciles based on their sizes and find strong positive correlations across all groups.24
Correlation between division of labor within firms and complexity
I next document the correlation between division of labor and sector-level product complexity, using:
log Nj = α0 + α1 log cs( j ) + δm( j ) +Xs( j ) + ε j
where cs( j ) is the complexity of sector s in which establishment j produces in (measured by number of
intermediate inputs, and export share by G3 economies), δm( j ) is a city fixed effect, and X j is a set of
controls.25
Table 1.2 summarizes the relationship between division of labor and complexity. In particular, Column (2)
shows that within a city, division of labor is strongly and positively correlated with product complexity. The
results are robust when I consider different subsets of firms and across both measures of complexities, and
to using the alternative definition of firms’ division of labor— the specialization index—as well as the more
aggregate 4-digit CBO codes (see Appendix A.1 for details).
22Column (3) shows the results for the subset of establishments in export-intensive sectors. These establishments tend to rely
less on the local demand compared to the rest of the economy. The elasticity of division of labor with respect to city size remains
high, suggesting that the mechanism through which the city size affects firms’ division of labor may go beyond the size of the local
market. Column (4) considers only mono-establishment firms to account for firms’ endogenous allocation of different organizational
functions to different locations. Column (5) uses only data from sectors that produce homogeneous products (Foster et al., 2008) to
account for possible spatial variation in the diversity of firm outputs.
23This analysis assumes that within a sector, the set of tasks performed within firms is the same across all cities. However, there
is a literature arguing that firm boundaries tend to be narrower in larger cities, since it may be easier to outsource some peripheral
tasks (for example business services) when there is an abundance of such providers in the same location (Duranton and Puga, 2005);
or when these providers are more efficient (Akerman and Py, 2010). To the extent that this effect is present, my estimated elasticity
can be considered a lower bound of the actual value.
24Controlling for difference in sizes this way would address the endogeneity concern of establishment size in the original
correlation analysis. This would also partially address the problem of not observing informal workers within formal establishments.
Based on ECINF (the Urban Informal Economy Survey), the share of informal workers is negatively correlated with firm size. The
positive correlations across all deciles of firms suggest that the result is unlikely driven by differences in informal employment
across space. See Table A.5 of Appendix A.1 for more details.
25The controls include establishment-level controls (establishment employment sizes and skill intensities within firms) and the
total employment of sector s in city m.
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1.3 Theory
The positive correlations documented above are general equilibrium observations since both division of labor
and production location are endogenous to firms. To formally investigate what drives these relationships, I
develop a model in this section. The theory embeds a model of firms’ internal organizations in a standard
spatial sorting model with heterogeneous firms. My theory builds, in part, on the insights of Becker and
Murphy (1992) and Costinot (2009). Like Becker and Murphy (1992), a firm’s optimal division of labor
is driven by the tradeoff between productivity gains and costs. Akin to Costinot (2009), the magnitude of
these gains crucially depends on the complexity of firms’ products. In particular, marginal gain of great
labor specialization is higher for more complex firms. In my model, the costs of division of labor vary with
city size. My theory’s basic logic can be sketched as follows. First, given city size, a firm determines its
optimal division of labor based on the firm’s complexity. Second, larger cities reduce the costs of division
of labor but have higher factor prices. In equilibrium, more complex firms choose greater division of labor
and firms with greater division of labor benefit more from being in larger cities. There is, in equilibrium,
positive assortative matching between firm complexity and city size.
1.3.1 Set-up and agent’s problem
The economy consists of a continuum of homogeneous sites that may be developed into cities. The number
of cities and their population size are endogenous. Each site is endowed with a fixed stock of housing
land, which is normalized to 1 for simplicity. The fixed land constraint acts as the congestion force in the
economy. I use L to index both the city and its size, as it is the sufficient statistic that summarizes all
economic characteristics within a city.26 The economy has a continuum of heterogeneous firms producing
in cities using local labor. City size grows with increases in local labor demand. I further assume that each
firm produces only one good and that labor is the only factor in production.
There is a mass of L¯ of agents in the economy. Agents are homogeneous, with perfect mobility across cities.
Each individual is endowed with 1 unit of labor supply, which they supply inelastically. Agents consume
26I focus on the tradable sector in my model. Under the further assumption that goods are costlessly traded across space, distance
between cities plays no part in the model.
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where σs > 1 is the elasticity of substitution within sector s.




= (1 − η)w(L)L, (3)
where w(L)L is the total income in city L, and the last equality relies on my assumption that total housing
supply in each city is 1.27
The spatial mobility assumption ensures that homogeneous agents’ utility is equalized across space. The









where P is an aggregate price index for X .28 Since goods are freely traded, P is same in all cities.
27In the empirical exercise, L is measured by population density of a city. Empirically, H , therefore, corresponds to the share of
housing land within the city; and 1−ηH can be interpreted as individual’s share of expenditure on housing.












Additionally, I derive the equilibrium income of an agent in city L using Equation (4);
w(L) = w¯ ((1 − η)L) 1−ηη , (5)
where w¯ = U¯1/ηP is a variable to be pinned down in general equilibrium.29
1.3.2 Firms and Production
I turn now to the production side of the economy. Firms differ exogenously in the complexity of their
production technology, denoted by z. Firms choose their division of labor, production scale, and production
location to maximize profits. Firms engage in monopolistic competition, and outputs produced by firms are
freely traded across space. The sectoral price index Ps is thus constant across space.
Production Technology
Like Smith (1776), I observe that in any firm, production of a good requires combining a collection of tasks.
A firm organizes its production process by partitioning these tasks into subsets of tasks and assigning them
to workers. The more partitions there are, the narrower the range of tasks that each worker specializes in,
the greater division of labor.30 In the model, a firm chooses the optimal level of division of labor, based on
the complexity of its production process. I follow Costinot (2009) to interpret complexity of a production
process as the total number of tasks involved in producing the firm’s output. The more tasks there are, the
more complex the firm’s production process.
In the model, complexity of a firm has two dimensions: a sector-level parameter and a firm-specific
parameter. All firms in a sector share a common sector-level complexity measure, denoted by cs . The
29Given Equation (5), local housing price can be written as
ph (L) = w¯ [(1 − η)L]
1
η .
Under a standard model of the internal structure of a monocentric city in which commuting costs increase with population size (see,
e.g., Behrens et al. 2014), ph (L) can also be interpreted as comprising both land rents and commuting costs.
30Smith (1776) notes that there are at least 18 tasks involved in making a pin. See Figure 1.1 for an illustration of Adam Smith’s
pin factories with different extents of division of labor, by French philosopher Denis Diderot in the 1760s.
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sector-level complexity summarizes the average complexity of the production technologies within the sector.
Consider the aircraft engine manufacturing sector versus the sports shoes production sector. Producing
aircraft engines clearly involves more tasks than producing sports shoes. Hence, in my model, the former
has a higher cs parameter. Within a sector, firms also differ in their production technology, denoted by z.
Between a global company such as NIKE and a local Brazilian shoe factory, even though both firms produce
sports shoes, the production process in NIKE likely consists of more tasks. In the model, while these two
firms share a common sector complexity parameter cs , NIKE has a higher firm-specific parameter z.31
Within sector s, firm z produces its output using the following technology:
Q = A(N, z, cs )H (N, L)l, (6)
where N denotes division of labor in firm z.
Firm productivity, or output per worker, is given by A(N, z, cs )H (N, L), which depends on the key endoge-
nous variable N , i.e., division of labor within the firm. The first term, A(N, z, cs ), characterizes individual
worker productivity. A(N, z, cs ) increases in N , reflecting gains from worker specialization. The marginal
gain from N , however, depends on complexity of firms’ production technology, z and cs , which I will discuss
below in Section 1.3.3.32
The second term, H (N, L), denotes costs associated with greater division of labor. These costs can be
attributed to a multitude of factors: It may be more expensive to train workers who are very specialized
(Kim, 1989); hiring more specialized workers may make it harder to enforce contracts (Costinot, 2009);
greater specialization may enable workers to more easily shirk responsibilities and free ride off others
(Holmstrom, 1982); and it may also incur overhead for communication and coordination, and/or require
workers to spend more time away from production (Garicano, 2000). The cost is increasing N and also
31To derive all theoretical results, having the firm-specific parameter z is sufficient. I consider an economy with multiple sectors
for three reasons. First, it allows the model to generate a richer set of results that match the salient features of Brazilian economy.
Second, it gives flexibility to the structural estimation as I can estimate each sector separately. Third, it facilitates the empirical
analysis of the quasi-experiment.
32I further assume that A(N, z, cs ) is increasing in z and cs , so that productivity is higher for a more complex firm, i.e. ∂A∂z > 0,
∂ log A
∂cs
> 0, and ∂
2 log A
∂cs∂z
≥ 0. The first two assumptions imply that high-z and high-cs firms will never choose to produce below
their exogenously given level of complexity, whereas the last one assumes that the benefit of having a more complex firm-specific
production process is (weakly) more important within more complex sectors.
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related to city size L. I also defer the discussion on assumptions adopted for H (N, L) to Section 1.3.3.
Market structure
There is an infinite supply of potential entrants who can enter the market. Firms pay a sunk cost fE in final
good to enter, then draw a complexity parameter z from a distribution F (·). Once firms discover z, they
choose the size of the city in which they want to produce, the size of the firm, and the optimal division of
labor.
The firm’s problem
The firm maximizes its profit by choosing the optimal division of labor, firm size, price, and production
location, given the demand and local labor costs. Given the isoelastic preferences in Equation (2), the
demand schedule faced by firm z in sector s is:








where Rs denotes total sectoral revenue, Ps denotes the sectoral price index, and Qs (z) = L¯xs (z), since
quantity produced equals the product of the quantity demanded by each agent and the number of agents. I
can rewrite the firm’s problem as follows:
max
N,l,p,L
pQ − w(L)l, (7)
subject to:









Qs (z) = A(N, z, cs )H (N, L)l . (9)
I adopt a recursive process to solve the profit maximization problem in two steps. First, I fix the location
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choice and compute the local labor market equilibrium with the optimal division of labor, firm size and price,
taking the size of the city and local labor costs as given. Second, the firms make their location choices to
maximize the optimized profit.
Consider a firm of product complexity draw z in city of size L. Given the CES preferences and the
monopolistic competition, firms set constant markups over their marginal costs. For each firm z, the firm’s
profit can be written as a function of division of labor N and city size L,
max
N,L











Based on Equation (10), product complexity, z, and city size, L, determine firms’ profit as a function of
division of labor N . Worker productivity, A(N, z, cs ), is increasing in division of labor, N . At the same
time, H (N, L), goes down as workers become more specialized.
Optimal firm organization
The profit function given by Equation (10) is multiplicatively separable in A(N, z, cs )H (N, L). Hence, the







where AN and HN denote the partial derivatives of A(N, z, cs ) and H (N, L) with respect to N , respec-
tively.
In Equation (11), ANA corresponds to the marginal benefit of increasing division of labor, which is equal
to the additional worker productivity yielded by greater worker specialization. −HNH , on the other hand,
corresponds to the marginal cost of increasing division of labor, and is equal to the extra units of labor lost
as N increases. Equation (11) states that when N is chosen optimally, marginal gains from division of labor
are equal to the marginal costs they create. This is illustrated graphically in Figure 1.2a.
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Substituting Ns (z, L) into the profit function (10), I get the optimal profit of firm z in city L










Lastly, firm employment, conditional on being in a city of size L, is given by





I solve for firms’ optimal location choices in the next section.
1.3.3 Spatial equilibrium
I characterize spatial equilibrium in this section. I show that under two simple assumptions, there is positive
assortative matching between firms’ complexity draw and city size. In equilibrium, the positive assortative
matching generates the positive correlation between division of labor and city size.
Definition
Homogeneous workers are indifferent across locations, while firms choose their locations optimally based on
their complexity draws. I choose the reference level of wages w¯ defined in Equation (5) as the numeraire. An
equilibrium for a population L¯ and firmwith product distribution f s (z), for s ∈ {1, . . . , S}, in a set of locations
L is characterized by a set of prices {w(L), pH (L)}; a city-size distribution fL (·); an optimal division of
labor function Ns (z); a location matching function Ls (z); an employment function ls (z); a production
function Qs (z); and a set of price index Ps and mass of firms Ms for s ∈ {1, . . . , S} such that:
1. Workers maximize their utilities according to Equation (1), given w(L), pH (L) and Ps .
2. Worker’s utility is equalized across all cities.
3. The housing market clears according to Equation (3).
4. Firms maximize profits according to Equation (12), given w(L) and Ps .
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6. Firms earn zero profits. Using the free-entry condition, the following condition must be met, for
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8. The local labor markets clear:
∫ L
L0






1s (L, z)ls (z)dFs (z) ∀L > L0, (17)
where L0 ≡ inf (L), i.e., the smallest city size in equilibrium, and 1s (z, L) = 1 if firm z in sector s is
in city L, and 0 otherwise.
Finally, note that by Walras’s Law, the goods market clears.
Model assumptions
To fully analyze the characteristics of the equilibrium, I make the following assumptions:
Assumption 1 A(N, z, cs ) is twice-differentiable, and strictly log-supermodular in firms’ complexity z and
division of labor N , and log-supermodular in sector-level complexity cs and division of labor N , i.e.,
∂2 log A(N, z, cs )
∂N∂z
> 0;




Assumption 2 H (N, L) is twice-differentiable, and strictly log-supermodular in city size L and firms’
division of labor, i.e.,
∂2 log H (N, L)
∂N∂L
> 0.
Assumption 1 states that there is complementarity between complexity z (and cs) and division of labor N ,
i.e., a more complex production process benefits more from greater division of labor. In Appendix A.2.1, I
present one microfounded production process that generates these results. As in Costinot (2009), production
requires completing a continuum of complementary tasks. More tasks are involved in producing more
complex (high-z or high-cs) products. Before performing any task, workers must spend a fixed amount of
training time learning it. The more complex a good is, the longer it takes to learn how to perform all tasks.
To minimize training time, firms assign each worker to perform a specialized set of tasks. I refer to each
set of tasks as an occupation. Since workers are identical and all tasks are equally difficult, all occupations
include the same number of tasks. The number of occupations within a firm, therefore, measures the firm’s
division of labor. More complex products require more training time, and hence the gains from worker
specialization are higher for more complex firms. In what follows, I remain agnostic on the sources of the
productivity benefit through division of labor and its specific functional form. This allows me to highlight
the generic features of an economy with such complementarity.
Assumption 2 states that there is complementarity between city size L and division of labor N , i.e., larger
cities lower costs associated with greater division of labor. I hypothesize that one channel that generates
this is through provision of better ICT infrastructure in larger cities. Modern ICT technologies, such as
fast internet, can facilitate greater division of labor within firms through a number of channels, e.g., by
improving communications efficiencies, enhancing information storage and sharing, or allowing firms to
employ more capable software applications (e.g., Borghans and Weel, 2006; Varian, 2010; McElheran,
2014; and Bloom et al., 2014). In equilibrium, larger cities, with their larger tax bases, provide better local
infrastructure including ICT infrastructure. Therefore, larger cities foster greater division of labor, creating
the complementarity between N and city size L. More details are discussed in Appendix A.2.2.33
33While I propose this specific channel that generates the complementarity between N and L, the model is general enough not
to preclude the existence of other sources. In Appendix A.2.2, I propose another microfoundation for the complementarity between
city size and division of labor. Workers acquire both extensive and intensive human capital, which correspond to the breadth and
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I highlight several noteworthy points before proceeding. First, it is important to note that while I could include
all other cases of A(N, z, cs ) and H (N, L) in the current discussion, I choose to focus on the empirically
relevant cases specified above to avoid a cumbersome taxonomy. Under the current set of assumptions,
the model generates a positive correlation between division of labor and city size, as shown in Section 3.2.
Additionally, I do not impose these restrictions in the estimation of the model in Section 1.4. Instead, I let
the data inform me the appropriate choices for the parameters’ values.
Second, in Section 1.5, I present causal empirical evidence that supports the log-supermodularity assumptions
between N and z (and cs), and between N and L. I do so by focusing on the specific channel mentioned
above, i.e., better ICT infrastructure in larger cities facilitates greater division of labor. The model generates
specific predictions for changes in firms’ division of labor in response to an exogenous improvement in ICT
infrastructure. I test these predictions using a quasi-experiment in Brazil.
Third, the baseline model adopts a minimum set of assumptions necessary to obtain the general equilibrium
outcome, by which firms in larger cities have greater division of labor. This generates a productive advantage
for larger cities through a specific channel, i.e., their ability to foster greater worker specialization. In
estimating the model, I include a term that summarizes all other channels that might also increase firm
productivity in larger cities. By separately identifying the two channels, I can calibrate the model and
investigate the importance of division of labor in affecting productivity differences across cities. I discuss
this in detail in Section 1.4.
Characteristics of the profit function
In my theoretical framework, there is complementarity between complexity and division of labor, i.e.,
the productivity benefit from worker specialization is higher for more complex products. There is also
complementarity between city size and division of labor, i.e., firms with greater division of labor benefit
more from being in larger cities. Combining these assumptions generates the following properties for firms’
depth of their knowledge set, respectively. Knowledge acquisition is costly. Larger cities have a comparative advantage in acquiring
intensive human capital. As a result, firms with a greater division of labor—in which the requirement for extensive knowledge set is
lower—-would benefit more by being in a larger city, leading to the complementarity between N and L when the level of intensive
human capital is optimally chosen.
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profit function and division of labor:
Lemma 1 Suppose that Assumptions 1 and 2 both hold, firms’ profit function, pis (z, L, N ), displays log-
supermodularity in (z, L, N ).
Lemma 2 Denoted by Ns (z, L) = argmaxN pis (z, L, N ), the optimal division of labor given z and L
increases in (z, L).
Division of labor depends on the trade-off between productivity gains and costs of specialization. A larger
city lowers the costs at the margin, and thus division of labor increases. Similarly, as complexity increases,
marginal gains shift up, which increases division of labor. Using a classic result in monotone comparative
statics (Topkis, 1978), since the profit function pis (z, L, N ) is log-supermodular in (z, L, N ), once the firm
solves for its optimal division of labor, Ns (z, L), the profit function pi∗s (z, L) displays log-supermodularity in
(z, L):
Lemma 3 Denoted by pi∗s (z, L) = maxN pis (z, L, N ), the optimal firmprofit given z and L is log-supermodular
in (z, L), if both Assumptions 1 and 2 hold.
Equilibrium systems of cities
Following the standard literature (e.g., Henderson and Becker, 2000; Behrens et al., 2014), I assume that
cities emerge endogenously as a result of “self-organization.” A new city opens up when there is incentive
for firms and/or workers to do so. This happens when there exists a set of firms and workers that would be
better off with their choices of the city size. Cities are therefore the outcome of the mutually compatible
optimal choices of a continuum of firms and workers. Recall that the optimal profit function of firm z in city
L is










Lemma 1 implies that the profit function shown in Equation (12) is log-supermodular in (z, L), suggesting
that more complex firms benefit more from being located in larger cities. However, given symmetric
fundamentals, this does not preclude the existence of a symmetric equilibrium, in which all types of firms are
equally represented in all cities. I show in Appendix A.2 that such an equilibrium is stable only if the gains
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from worker specialization are too small to cause agglomeration. When worker specialization is sufficiently
rewarding, a small perturbation in city size would push the symmetric equilibria into a heterogeneous
equilibrium.
Symmetric equilibria are both empirically counterfactual and theoretically not very illuminating. Henceforth,
I focus on heterogeneous equilibria. Given its complexity draw z, the firm’s problem is to choose L to optimize












In Equation (18), HLH corresponds to the marginal benefit of being in a larger city. It equates to the additional
productivity advantage generated by lower coordination costs there; 1−ηη
1
L corresponds to the marginal cost
of being in a larger city. It is equal to the extra costs due to more expensive labor prices. When production
location is optimally chosen, the marginal gains from being in a larger city are equal to the marginal costs.
This is illustrated graphically in Figure 1.2b.
Under regularity conditions, there is a unique profit-maximizing city size for a firm of type z with cs . Define
the solution to Equation (18) as
L∗s (z) = argmax
L≥0
pi∗s (z, L). (19)
Under the self-organization assumption of cities, the set of city sizes L in heterogeneous equilibria is
necessarily the outcome of the mutually compatible optimal choices of the continuum of individuals and
firms (see, e.g., Henderson and Becker, 2000 and Behrens et al., 2014). Assume that for some firm z, no
city size of L∗s (z) exists; then there is a profitable deviation for these firms to coordinate and open up this
city on an unoccupied site. It will attract the corresponding workers by offering them a wage marginally
higher than w(L∗s (z)). The number of such cities adjusts so that each city has the right size in equilibrium.
Therefore, in a heterogeneous equilibrium, the set of city sizes available in equilibrium, L, is the union of
the sector-by-sector intervals of the optimal set of city sizes for firm distribution f s (z). Given L, the optimal
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location choice for each firm z in sector s is defined by the following matching function:
Ls (z) = argmax
L∈L
pi∗s (z, L). (20)
Using the definition in Equation (20) and Lemma 3, I can invoke a classic theorem in monotone comparative
statics (Topkis, 1978) and obtain the following key theoretical result.
Proposition 4 Suppose that Assumptions 1 and 2 hold. In the heterogeneous equilibrium, within a sector,
high-z firms sort into larger cities. More formally, given cs , the matching function is increasing in z, or
L′s (z) > 0.
The intuition for Proposition 4 is straightforward. Larger cities have higher housing prices due to congestion,
so workers require higher wages in these locations. Larger cities attract firms because of the productivity
advantage brought about by the lower costs of division of labor. More complex firms benefit more from
being in larger cities. In equilibrium, these firms are willing to pay more to be in a larger city, thus outbidding
less complex firms. There is therefore spatial sorting for firms, which supports the equilibrium differences
in the extent of worker specialization.
In Appendix A.2, I further detail the properties of the heterogeneous spatial equilibrium. I prove the existence
of the city-size distribution fL (·), and verify that fL (·) is unique and stable.
1.3.4 Characterizing spatial equilibrium
In the heterogeneous spatial equilibrium, division of labor Ns (z), profit pis (z), revenue rs (z), and size ls (z)
are all determined by the matching function Ls (z). The strict sorting of z within a sector generates the strict
sorting of firm profits and revenue. I denote the equilibrium variables using the following expressions:













(σs − 1)w(Ls (z)) . (24)
Within-sector characterization
Given the results in Proposition 4, firm-level observables also exhibit complementaries between firm com-
plexity and city size, as stated in the following result:
Proposition 5 In equilibrium, within each sector, firms’ division of labor, revenue, and profit all increase
with city size. More formally, consider two firms z and z′ within sector s. If Ls (z) > Ls (z′), then
Ns (z) > Ns (z′), pis (z) > pis (z′), rs (z) > rs (z′), and ws (z) > ws (z′).
In equilibrium, within a sector, high-z firms sort into larger cities. This generates the motivating fact
presented in Section 3.2, i.e., firms’ division of labor is greater in larger cities. Through the lens of my
model, I show how the correlation is achieved through two channels. First, firms in larger cities produce
more complex products and have greater division of labor. Second, larger cities facilitate greater division
of labor for all firms by lowering the costs of division of labor. Furthermore, unlike previous literature, my
model does not assume any direct relationship between firm characteristics and city size. It nonetheless
predicts that firms located in larger cities are both bigger (in revenue) and more productive, both of which
are consistent with well-known empirical regularities.
Cross-sector characterization
Previous theories in this literature (see, e.g., Abdel-Rahman and Anas, 2004; Helsley and Strange, 2014)
overwhelmingly describe polarized sectoral compositions.34 In contrast, my model offers a theory to explain
how firms from different sectors can coexist in equilibrium within each type of city size. Holding city sizes
fixed, a variety of sectors may be present in some types of cities at equilibrium. This is possible because
the matching function Ls (z) varies by sector, making it possible for firms with different complexity draws
to choose the same optimal city size.
34These include specialized cities that have only one tradable sector and perfectly diversified cities that have all of the tradable
sectors. Two notable exceptions are Davis and Dingel (2014) and Gaubert (2016).
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Using this result, I derive pattern of sectoral geographic distribution across cities. I define the geographic
distribution of firms in a sector as the probability that a firm from the sector is in a city of smaller than Lc ,
that is,
F˜ (Lc ; cs ) = Pr(firm from sector s is in a city of size smaller than Lc).
Proposition 6 In equilibrium, all else equal, the geographic distribution F˜s of a higher cs sector first-order
stochastically dominates that of firms in a lower cs′ sector.
From Proposition 4, within a sector, the matching function is always increasing in z. However, the marginal
increase of the matching function with respect to z is sector-specific and determined by complexity cs . In
more complex sectors, firms benefit more from being in a larger city, pushing the matching function up for
all firms. All else equal, a greater share of firms in more complex sectors locates in larger cities.
Impact of ICT infrastructure improvement
The previous results rely on the validity ofAssumptions 1 and 2, i.e., the complementarity between complexity
z (and cs) and division of labor N ; and the complementarity between city size L and division of labor N ,
possibly through better ICT infrastructure. I now derive a set of predictions that I can bring to data to test my
assumptions. In particular, the model makes predictions for changes in firms’ division of labor in response
to an exogenous improvement in ICT infrastructure.
Proposition 7 In equilibrium, an improvement in ICT infrastructure increases firms’ division of labor. The
increases are larger for firms in more complex (or high-cs) sectors, and for firms located in bigger cities.
A shock to ICT infrastructure reduces costs of worker specialization at the margin, therefore increasing
division of labor for all firms experiencing the change. Due to the complementarity between complexity
and division of labor, the reduction in marginal costs benefits more complex (i.e., high-cs and high-z firms)
more. Therefore, the increases are larger for high-cs and high-z firms. Furthermore, since high-z firms sort
into larger cities, the model also predicts that affected firms in larger cities would also increase their division
of labor to a greater extent. These results are illustrated in Figure 1.3. In Section 1.5, I test the model
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predictions using a quasi-experiment in Brazil.35
1.3.5 Descriptive evidence
In this part, I present descriptive evidence that is consistent with the theoretical results in sections 1.3.4 and
1.3.4.
Within-sector characteristics
The model predicts that in each sector, more complex firms sort into larger cities. This sorting of complexity
generates sorting of other firm-level variables, including profits and revenue (Proposition 5). I first investigate
how, within a sector, average firms’ division of labor and labor payment change as city size increases.36 In
the model, the elasticities of firms’ division of labor and firm revenue to city size are both positive within
sectors. Empirically, I calculate the average establishment-level division of labor and labor payment within
a sector-city cell and compute their elasticities with respect to city size.37 Figure 1.4 plots the distribution
of the two elasticities. For division of labor, it is positive for 91% of the observations, and is significantly
negative for only two sectors, growth of grains and sawmill.38 For labor payment, it is positive for 94% of
the observations, and none of the negative estimates is significant. Results are therefore broadly consistent
with model predictions.
Cross-sector characteristics
The model also predicts that the geographic distribution of firms in high-cs sector first-order stochastically
dominates that of firms in low-cs sector, in Proposition 6. In other words, a larger share of firms is located
35The exogenous improvement in ICT infrastructure also affects other firm-level variables such as firm profit and revenue, as
well as general equilibrium outcomes such as city sizes. I discuss these additional results in Appendix A.2.
36In the model, average labor payment is proportional to revenue. Labor payment is simply calculated as the total wage bill
within an establishment.
37To have a meaningful number of establishments within each sector-city cell, I use the 4-digit CNAE2.0 code, which gives me
254 sectors.
38The results are not surprising since my model assumes that all locations are identical, whereas the location choices of these
two sectors are driven by natural amenities, such as availability of arable land and forests.
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in bigger cities for higher-cs sectors. To test this prediction, I use two approaches. I first separate sectors
into three broad categories based on sector-level complexities, and plot the distribution of firm size for each
group. As shown in Figure 1.5, high-cs sectors display a clear first-order stochastic dominance relationship
over medium- and low-cs sectors.
I next use a more continuous measure of sector-level complexity. I calculate, for each sector, the share
of firms located in bigger cities, where bigger cities are defined as the set of cities that host half of the
population. I then estimate:
shares = α0 + α1cs +Xs + εs,
where an estimate of α1 greater than 0 would be consistent with the model prediction. As shown in Table
1.3, α1 is positive and precisely estimated for all specifications and using both complexity measures.
1.4 Estimation of the model
In this section, I structurally estimate the model, following a two-step procedure. In the first step, I estimate
three sets of parameters that can be inferred directly from the data, and are separate from the rest of the system.
In the second step, I estimate the five remaining parameters separately for each sector. I make parametric
assumptions about firms’ production function, simulate the profit-maximizing decisions of each firm, and
estimate the remaining parameters using a method of simulated moments (MSM) approach (Gourieroux
et al., 1993). The main objects of interest are the complementarity between division of labor and city size,
and the complementarity between division of labor and firm complexity. In the context of the parameterized
version of my model, the first parameter controls the extent to which the cost of division of labor falls with
city size and the second parameter controls the extent to which the benefits of division of labor rise with firm
complexity.
The structural estimation uses data from RAIS and PIA in 2010. Using RAIS data, I construct establishment-
level information on employment, labor payment, division of labor, location and industry classification. The
PIA data report sector-level information on value-added, inputs, and production. I trim the bottom and top
1% of the data. This leaves me with 298,412 establishments. For the estimation, I aggregate establishments
into 21 sectors. Summary statistics are reported in Table 1.4.
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1.4.1 Step one: Direct calibration
I begin by estimating 2S + 1 parameters that can be extrapolated directly from the data without using the
structure of the rest of the model. These are the elasticity of substitution σs and the Cobb-Douglas share ξs
for each sector, and the Cobb-Douglas share of housing η in worker’s utility function.
I assign values to parameters σs , ξs , and η as follows. The elasticity of substitution in the CES demand




then estimate the Cobb-Douglas share of each sector ξs by measuring its share of value-added produced.
Lastly, 1−ηη corresponds to the elasticity of wages with respect to city size, from Equation (5). To account
for heterogeneity of workers across space, I calculate the elasticity using residuals from a Mincerian wage
regression and obtain an elasticity of 3.1%, which corresponds to η = 0.97.39
1.4.2 Step two: Method of simulated moments
In the second stage, I use MSM to estimate the remaining parameters. Given parameter estimates from
the first step, and parametric assumptions on model specifications and distributions of the underlying firm
heterogeneity, and idiosyncratic shocks to firms’ location choices, I simulate the profit-maximizing decisions
of each firm and calculate a set of non-parametric moments to characterize the economy. I then iterate
over new choices of parameters and select the best set of parameters to minimize the distance between the
simulated moments and their data analogs.
39I first regress log hourly earnings of the workers in my sample on a gender dummy, a race dummy, a categorical variable for
10 levels of education attainment, a quartic in years of potential experience, and all pair-wise interactions of these values (where
regressions are weighted by annual hours worked). I then take the residuals from the Mincerian regression and regress on log of
city size to obtain the elasticity of wages to city size.
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Model specification
To estimate the complementarity between firm complexity and city size, I need to fully characterize the
features of firm production function. For ensuing discussions, it is useful to define a new term:
ψs (z) = A(N, z, cs )H (N, L). (25)
Given Equation (25), the profit function can be rewritten as a function of ψ,










In each sector, given local labor costs w(L), firms’ profit increases with ψs (z). I thus interpret ψs (z) as the
productivity of a firm with complexity z in sector s.
All propositions in Section 1.3 were derived based on Assumptions 1 and 2, i.e. complementarities in (N, z)
and (N, L). In the structural estimation, however, I do not impose these relationships. Instead, I assume the
following functional form for productivity, which allows for any sign of these effects:
logψs (z, N, L) ≡ log A(N, z, cs ) + log H (N, L) = (log z)(1 + log N )cs − log N
(1 + log L˜)θs
(26)
where L˜ = LL0 , and L0 is the smallest city size in the set of city size distribution L.
I next discuss each term of the productivity function. For worker productivity, I postulate that
log A(N, z, cs ) = (log z)(1 + log N )cs .
It is straightforward to see that (log z)(1 + log N )cs is strictly increasing in z, cs , and N . The strength of
complementarity between firm complexity and division of labor is captured by cs . A positive value of cs
would confirm model assumption. When cs = 0, there is no complementarity, and I obtain a model in which
the worker productivity is solely determined by firms’ complexity draws.
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The cost of division of labor takes the following functional form:
log H (N, L) = − log N (1 + log L˜)−θs .
The marginal cost of division of labor is given by 1N
1
(1+log L˜)θs , which is decreasing in the normalized city
size L˜, reflecting the complementarity between division of labor and city size.40 To retain full flexibility,
I allow the strength of the complementarity, θs , to vary across sectors. Similar to worker productivity, a
positive estimate of θs would confirmmodel assumption. When θs = 0, there is no complementarity, and the
marginal cost of division of labor is constant across different city sizes. Finally, following the conventional
literature, I assume that log z is distributed according to a normal distribution with variance νz , truncated at
its mean to prevent log z from being negative.41
Model extensions
To bring the model to data, I incorporate three extensions: (i) spatial equilibrium with a discrete set of
cities, (ii) imperfect sorting of firms, and (iii) other sources of agglomeration externalities. My extended
model allows me to obtain results under less restrictive assumptions than Section 1.3, and to evaluate the
contribution of division of labor to productivity differences across cities, on which my baseline model is
silent.
First, I consider a discrete set of cities. In the baseline model, I assume that the whole economy consists of a
continuum of identical sites. This assumption simplifies the theoretical analysis and generates the uniqueness
of the heterogeneous equilibrium. For the quantitative exercise, I take the set of city sizes L as exogenously
given. Cities, indexed by n, are ordered by their city size Ln . Given the log-supermodularity of the profit
function in (z, L), more complex firms still sort into larger cities. Within a sector, each city is occupied by a
range of firms with different complexity draws, denoted by [z
s
(n), z¯s (n)]. Spatial equilibria are determined
40I normalize city size by the minimum city size In Brazil L0. The normalization changes the size of all cities proportionally
but does not affect the estimation, which relies on relative measures.
41This assumption ensures that productivity is increasing in city size.
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by the following indifference condition:
pis ( z¯, n) = pis (z, n + 1), ∀Ln ∈ L. (27)
While the new spatial equilibria may no longer be unique, the equilibrium characteristics presented in Section
1.3.4 hold for both continuous and discrete cases.
Second, I introduce an error structure that allows firms’ ex post profits to vary within a city. In the baseline
model, within a sector, there is strict sorting of firms across city sizes. As a result, within a city, all firms
in the same sector share the same division of labor, productivity, revenue, and profits. In reality, there may
be other factors that affect a firm’s location choice, and there is great heterogeneity across firms within a
city. To capture the imperfect sorting of firms, I add an error structure by assuming that each firm j draws
an idiosyncratic shock  j L for each city size L, where  j L is i.i.d. across city size and firms. I further
assume that these shocks follow a type I extreme value distribution, with mean zero and variance νL . The
shock captures idiosyncratic motives for firms’ location choices. With the extension, in a sector, there is a
distribution of complexities allocated to each city size. However, of the complexity level dominating each
city, there is still positive assortative matching between complexity and city size. Therefore, equilibrium
characteristics in Section 1.3.4 still hold.42
Third, I include a term in firms’ productivity function that summarizes other sources of agglomeration
externalities, which my model abstracts from. This includes, but is not limited to, the sorting of skills
among heterogeneous workers, knowledge spillover, and natural amenity differences. With these extensions,
productivity of a firm z in sector s can be rewritten as:
logψ j (z, cs, L, N ) = αs log L + (log z j )(1 + log N )cs − log N
(1 + log L˜)θs
+  j L, (28)
where αs captures the standard reduced-form agglomeration externality. When θs = 0 or cs = 0, I obtain
a classic model of agglomeration externalities without division of labor (see, e.g., Allen and Arkolakis,
2014).
42I assume that  j L is city-size specific, rather than city-specific. If misspecified, these shocks can represent the maximum of
shocks at a more disaggregate level, such as at the city level. See Gaubert (2016) for an excellent discussion of this.
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Estimation procedure
Given the distribution of firm complexities and idiosyncratic firm-city-size shocks, parametric assumptions,
and the parameters estimated in the first stage, five parameters remain to be estimated for each sector: the
reduced-form agglomeration externality (α), the complementarity between firm complexity and division
of labor (c), the complementarity between division of labor and city size (θ), the variance of complexity
distribution (νz ), and the variance of the firm-city-size shocks (νL). I use MSM to back out the five
parameters, χs =
(
α, c, θ, νz, νL
)
s , for each s = {1, . . . , S}.
I draw a sample of 100,000 firms for each sector and find the profit-maximizing division of labor, N∗,
conditioning on city size, using Equation (11). This gives me firm productivity conditioning on city
size:
logψ j (z, cs, L) = αs log L + log z j (1 + log N∗j )
cs −
log N∗j
(1 + log L˜)θs
+  j L . (29)
Based on logψ j (z, cs, L), firmsmake a discrete choice of city size, according to the following equation:
log L˜s (z j ) ≡ argmax
L˜∈L
logψ j (z, cs, L) − logw(L)
= argmax
L˜∈L
log z j (1 + log N∗j )
cs −
log N∗j
(1 + log L˜)θs
+
(
αs − 1 − η
η
)
log L˜ +  j L .
(30)
To estimate the five parameters in χs , I match 21 simulated and data moments for every sector: geographic
distribution of firms (4), firm-size distribution (5), increase in the average firm size across city sizes (4),
increase in the average division of labor across city sizes (4), and within-city variations in division of labor
(4).43 The first three sets of moments jointly identify α, νz and νL . The identification strategy closely follows
that in Gaubert (2016), and I provide a detailed discussion in Appendix A.3.
The identification of the two complementarity parameters, c and θ, is possible because I can observe division
43I measure the geographic distribution of firms using the share of employment in a given sector that falls into one of the four
bins of city sizes, in which the city-size bins are defined as threshold cities with less than 25%, 50%, and 75% of overall sectoral
employment. To measure firm-size distribution, I use five moments that characterize nonparametrically the distribution. These bins
are defined by the 25, 50, 75 and 90th percentiles of the distribution. On increases in average firm size and division of labor across
city sizes, I use 8 moments summarizing the average labor payment and division of labor across four quartiles of city sizes. Lastly,
I use the variance of firms’ division of labor in each quartile of city sizes, to summarize variation in division of labor within cities.
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of labor within firms. In equilibrium, the joint parameter θ1−c governs the relationship between firms’
division of labor and city size. By observing how the average division of labor increases across city sizes,
I can identify θ1−c . To separately identify c and θ, I consider within-city variations in firms’ division of
labor. Given a city size, the impact of city size on division of labor is the same for all firms located there.
I can, therefore, identify the complementarity between division of labor and complexity—i.e., c—using the
within-city variation in firms’ division of labor, relative to that in firm complexities. Intuitively, all else equal,
small changes in firm complexity would generate a huge variation in division of labor, if the complementarity
is strong.44
MSM chooses parameters χˆs to minimize the distance between simulated moments and targeted moments,
using the criterion function:
χˆs = argmin (ms,data − ms,sim ( χs ))′Js (ms,data − ms,sim ( χs )) (31)
wherems,data is the vector of empirical moments for sector s, andms,sim is the vector of simulated moments
calculated at χs .
I use the diagonal of the variance-covariance matrix of the moments as the weighting matrix Js , rather than
the optimal full variance-covariance matrix, due to concerns about bias raised by Altonji and Segal (1996).45
I find the parameters that minimize the criterion function using the particle swarm optimization method
(Kennedy and Eberhart, 1995). I provide more details on the estimation process in Appendix A.3.
44Please refer to Appendix A.3 for further discussions on moments and identification.
45The variance-covariance matrix, Ωs , is calculated from ms,data , using a bootstrap procedure. Within each sector, I first
sample, with replacement, firms from my data for 2,000 times. For each resampling b, I calculate mbs , the new moments generated






(mbs − ms,data )(mbs − ms,data )′.
The weight matrix Js is simply the diagonal of Ωs .
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1.4.3 Structural results
In this section, I present results from the second-stage estimation. Estimated parameters by sector are
reported in Table 1.5. I first examine model fit for the set of targeted moments. Figures in Appendix A.3
report the results. Specifically, Figure A.2 reports the share of sectoral employment across city size. Overall,
the estimated model captures well the cross-sectoral heterogeneity in location patterns. Figure A.3 illustrates
how the firm-size distribution in labor payment compares in the data and the model. In general, the fit is
better for the upper tail than the lower tail. The result is expected, since I target the upper-tail quantiles in
the estimation. How the average labor payment increases with city size is generally well captured by the
simulated model, as shown in Figure A.4. The fit for the average division of labor is similar, and is shown in
Figure A.5. Lastly, the result for the variance of firms’ division of labor within each city bin is reported in
Figure A.6. The model generally captures the cross-sectoral heterogeneity accurately. Within-sector patterns
are noisier, but still follow overall trends in the data.
I next move on to nontargeted moments. In particular, I consider two sets of nontargeted moments that
combine the 21 sectoral estimation results. The first set considers the relative magnitude for the estimated
sector-specific complexity parameter c across different sectors. The estimation is made for each sector
separately. I make no assumption on the relative size of c—the complementarity between firm complexity
and division of labor—across sectors. The theory, however, predicts that the complementarity is stronger in
more complex sectors. I relate the estimates of c to the two empirical proxies of sector-level complexity, and
estimate the rank correlations between them. Rank correlations are 0.68 and 0.62 for the measures using
the number of intermediate inputs and the G3 export share, respectively. Figure A.7 plots the rank of the
estimates across sectors against the empirical measures.
Lastly, I examine the simulated city-size distribution. The fact that city distribution follows Zipf’s law is one
of the most remarkable empirical facts in economics.46 In estimating the model, I impose no restriction on
the number of cities in each city-size bin, which defines the city-size distribution. Using the estimates, I can
solve for the city-size distribution in equilibrium (see Appendix A.2 for detailed steps). As shown in Figure
46According to Zipf’s law, when we order cities in a country by size and regress the log of the rank against the log of the size,
we get a straight line with a slope of -1.
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A.8, the estimated city-size distribution adheres to Zipf’s law and follows the actual city-size distribution
reasonably well.
1.4.4 Productivity impacts of division of labor
Productivity advantages in larger cities are well documented in the literature (see, e.g., Rosenthal and
Strange, 2004; Melo et al., 2009). Unlike previous theories, in my model, the productivity distribution
is determined not only by the standard reduced-form agglomeration externalities, the variance of firm
complexity distribution, and firm-city-size idiosyncratic shocks, but also by firms’ endogenous decisions
on the extent of division of labor. Through the lens of my model, I propose the new channel that explains
productivity differences across city sizes. Using the estimates, I next conduct a counterfactual exercise to
quantify the contribution of division of labor to the productivity gains in larger cities. For simplicity, I
present average measures across all sectors.
I begin by computing the estimated elasticity of firm productivity to city size, using the following OLS
regression on the simulated set of data:
log ψˆ j = β0 + β1 log L j + δs( j ) +  j (32)
where ψˆ j is the simulated firm productivity defined in Equation (29) for firm j, L j is the optimal city size
chosen by the firm according to Equation (30), and δs( j ) is a sector fixed effect. β1 denotes the elasticity
of firm productivity to city size. Running the OLS regression in Equation (32), I get an OLS estimate of
βˆ1 = 8.3%. This measure is consistent within the range of existing measures of agglomeration externalities,
at 2%–10% (Rosenthal and Strange, 2004; and Melo et al., 2009), providing another external validation for
the estimation results.
To estimate productivity advantage of larger cities through division of labor, I conduct the following coun-
terfactual analysis, in which I shut down productivity increase through division of labor. This is achieved
by (i) forcing firms to choose their locations based on the firm-city-size specific shocks, instead of their
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complexities, and (ii) fixing firms’ division of labor based on the average value within their sector.47 Under
this counterfactual scenario, I recalibrate the model, which gives me a new set of productivities and their
corresponding spatial distribution. Under the restriction, differences in firm productivity across space are
only driven by firm complexity draws and the agglomeration externalities determined by the firm-city-size
specific shocks. This counterfactual exercise allows me to identify what would be the realized productivities
if division of labor did not affect the productivity and location choices of firms. Re-estimating Equation (32)
using the new simulated data leads to an elasticity of firm productivity to city size of 6.9%. By this account,
division of labor accounts for 16% of the productivity advantage in larger cities.48 The estimated contribution
is comparable to the importance of natural advantage and labor-market-based knowledge spillover estimated
in previous literature (see, e.g., Ellison and Glaeser, 1999; Serafinelli, 2015).49
I further examine the importance of firm sorting to the 16% productivity contribution through division of
labor. In the model, firms sort into larger cities because larger cities foster greater division of labor. To shut
down the systematic sorting of firms, I constrain firms to choose their city sizes based on their idiosyncratic
firm-city-size draws, similar to the first counterfactual exercise. However, firms are allowed to choose the
optimal division of labor based on their complexity draws and the city in which they are located. This
counterfactual exercise thus allows me to study what would be the realized productivity if I only shut down
one of the two channels through which division of labor could increase productivity. I find, by re-estimating
Equation (32), that the elasticity estimate drops to 7.59%. This suggests that firm sorting accounts for about
half of the spatial productivity differences through division of labor.50
47I also fix the set of possible city sizes, the distribution of firms and their idiosyncratic shocks.
48Without the endogenous choice of division of labor, the elasticity estimate goes down by 1.4% (8.3% - 6.9%), which is 16%
(1.4% / 8.3%) of the baseline elasticity.
49I also consider an alternative approach in which I re-estimate log ψˆ j by removing the reduced-form agglomeration externalities,
α log L, in Equation (29). This assumes that the productivity advantage in larger cities only comes from my proposed channel of
division of labor. Re-estimating Equation (32) gives me similar results. I find that division of labor generates an elasticity estimate
of 1.5%, which is 18% of the original value.
50Without systematic firm sorting, the elasticity estimate goes down by 0.71% (8.3% - 7.59%), which is 51% (0.71% / 1.4%) of
the contribution of division of labor to the spatial productivity difference.
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1.5 Empirical analysis
In this section, I use Brazilian micro-level data to validate the theoretical predictions. The theory presented
in Section 1.3 relies on two key assumptions, i.e., the log-supermodularities between N and z (and cs) and
between N and L. Given these assumptions, the model generates the three predictions in Proposition 7: In
response to an improvement in ICT infrastructure, (i) all firms affected would increase their division of labor,
and the increases are greater for the firms (ii) in more complex sectors and (iii) in larger cities.
I leverage a quasi-experiment to test these model predictions. In practice, many factors potentially affect
firms’ decisions on division of labor. To establish the causal impact of better ICT infrastructure on division
of labor, I need a plausibly exogenous variation in the ICT infrastructure that is unrelated to firms’ division
of labor. To do so, I rely on a quasi-experiment in Brazil from the National Broadband Plan (Programa
Nacional de Banda Larga, or PNBL) to identify the effects of better ICT infrastructure on division of labor
within establishments, and examine whether there are heterogeneities in the treatment effects in accordance
with the predictions in Proposition 7.
1.5.1 Additional data
I assemble a set of geo-coded data to assess the impact of the new policy that expands broadband accessibility
in Brazil. I download the alignment of existing broadband networks from the Brazilian National Telecom-
munications Agency (Agencia Nacional de Telecommunicacoes, or Anatel). Data on the new broadband
network are collected from a number of decentralized sources, including the Brazilian National Teaching
and Research Network (Rede Nacional de Ensino E Pesquisa), press releases and annual reports from the
companies contracted to implement the relevant infrastructure (including Telebras, Oi, Vivo, and Nextel).
Information on municipality boundaries is obtained from IBGE. Locations of the submarine landing points
are obtained from TeleGeography.51 I geo-code all the data into shp files, and process them using QGIS to
construct a consistent dataset for the quasi-experiment. The most detailed geographic information I observe
51Data can be downloaded from the following web sources: http://www.anatel.gov.br/dados/2015-02-04-18-
36-10; https://www.rnp.br/en/search?words=rua&begin=1681; http://www.telebras.com.br; http://www.oi.com.br;
https://www.vivo.com.br; http://www.nextel.com.br; http://www.ibge.gov.br/english/geociencias/default_prod.shtm; and
https://www.submarinecablemap.com.
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for establishments is at the municipality level. I thus measure the distance between establishments and the
new broadband network, using the centroids of the municipalities in which the establishments are located.
Both the centroids and the nearest distance are computed by QGIS using WGS 84 Projection. Following
conventional literature (e.g., Banerjee et al., 2012), I use geographic distance measured in kilometers rather
than travel distance.
In testing the model predictions, I use a balanced panel of establishments for the period 2006 to 2014. To
investigate the interaction of the new infrastructure with city size and sector complexity, I remove those
establishments that relocate or change their sector classifications during the study period. This leaves 86,344
establishments over 9 years, or 777,096 establishment-year observations, for the empirical analysis.
1.5.2 Background
In Brazil, the availability of broadband access closely reflects the country’s wide variation in city size, as
illustrated in Figure 1.6. According to the 2010 Census Survey, fixed broadband penetration rate was 11%
in Sao Paolo but only 1.5% in the low-density northeastern region. The correlation between city size and
broadband penetration ratio was 0.79 in 2010. This uneven distribution of broadband access is a direct result
of lack of infrastructure for private internet providers in remote and low-density areas. Before 2010, the
government played a very limited role in broadband provision, leaving private operators to provide broadband
infrastructure where they find it profitable to do so (Jensen, 2011; Knight, 2016).52 The prohibitively high
cost of installing new broadband backbones in remote and low-density areas had prevented more even
distribution of broadband availability. As a result, smaller cities of Brazil had no access to fast internet
connection. To address this problem, the federal government launched the largest ICT infrastructure project
in 2010, i.e., PNBL.
The key objective of PNBL is to provide broadband access in poorly served areas, to trigger economic
development and reduce regional inequalities (Knight, 2016). With a budget of $600mil USD a year for
four years, by 2014 the PNBL expanded broadband coverage from 681 to 2,930 municipalities; the increase
52This is unlike other developing countries in which national backbones are typically built by a national state-owned telecom
(see, e.g., Hjort and Poulsen, 2016).
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amounted to 40% of the total population. I focus on a major initiative of PNBL that builds new national
backbones extending to the remote areas of Brazil.53 Between 2012 and 2014, PNBL added 48,000 km of
new broadband backbone.
1.5.3 Empirical strategy
The first empirical test is to investigate the relationship between division of labor within establishments in a
time period and whether the establishments are connected to broadband backbone cables. I run:
log Nj t = α + βBackbone j t + δ j + δt + θm( j ) × t + ε j t (33)
where log Nj t is the measured division of labor within establishment j at time t. Backbone j t is a dummy
variable equal to one if establishment j is “connected” to the new backbone added in year t. All specifications
include an establishment fixed effect, δ j , that controls for any time-invariant differences across establishments,
and a year fixed effect, δt , that controls for any establishment-invariant shocks to division of labor. Some
specifications also include city-specific trends θm( j ) × t, which allows and controls for differential linear time
trends across cities in firms’ division of labor. Standard errors are clustered at the municipality level.54 The
key coefficient of interest here is β, which measures the effect of new broadband availability on division of
labor within establishments. The model predicts that β > 0.
Following Hjort and Poulsen (2016), I determine whether an establishment is “connected” to broadband
internet based on its geographic distance to the nearest backbone cable. From a technical perspective,
connectivity decreases exponentially as one moves further away from the backbone network (Banerji and
Chowdhury, 2013). Since I lack information on the middle and last-mile infrastructure, I cannot determine
the actual adoption of broadband internet at the establishment level. Instead, I use its distance to the nearest
backbone network to assess the feasibility that an establishment is connected to the backbone network.55
53“Backbones” are national trunk infrastructure that brings traffic from international submarine cables in coastal regions to
inland parts of the country. Backbones consist of high-capacity fiber optic cables. See Appendix A.4 for more detail.
54The results are also robust to using Conley standard errors to account for possible spatial correlations across locations.
55Essentially, I am defining an “intent to treat” variable, instead of the actual treatment. The estimate for β is, therefore, a lower
bound of the actual effect of a faster internet connection on firms’ division of labor. At the same time, using intent to treat also
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The range that makes connecting to a broadband backbone cable feasible is between 100 km to 400 km. For
baseline analysis, I define a location as connected to the new backbone if the distance to the nearest backbone
cable is less than 250 km. I vary the radius for robustness tests.
The model also makes predictions regarding heterogeneities in the treatment effects, as stated in Proposition
7. Specifically, the impacts of the new ICT infrastructure are larger for establishments located in larger
cities relative to smaller cities, and for establishments that produce in more complex sectors relative to less
complex sectors. I test these predictions using Equations (34) and (35). The model predicts that γ > 0 and
ω > 0.
log Nj t = α + βBackbone j t + γBackbone j t × log Lc ( j ), t0 + δ j + δt + θm( j ) × t + ε j t, (34)
log Nj t = α + βBackbone j t + ωBackbone j t × log cs( j ), t0 + δ j + δt + θm( j ) × t + ε j t, (35)
where log Lc ( j ), t0 is the size of the city c in which establishment j is located and log cc ( j ), t0 denotes the
complexity of sector s that establishment j produces in. I use both measures of sector-level complexity for
the regressions.56
The identifying assumption is that establishments close to and farther away from new broadband backbones
were on parallel trends in the outcome of interest prior to the completion of the new backbones, and did
not experience systematically different idiosyncratic shocks after the new backbones arrived. Figure 1.8
plots the paths of the number of occupations within establishments in the treated and control groups before
and after the completion of backbone cable in 2012. This enables me to inspect how the gap between the
treated areas and control areas evolve after the new backbone cables arrive. More importantly, the plot
allows me to check whether the identifying assumption of parallel trends holds. Indeed, while the average
number of occupations within establishments is always the higher in the treated areas, shapes of the two
graphs are virtually identical. The two lines seem to diverge after 2011, suggesting an increase in division
addresses the potential endogeneity in firms’ decision to adopt new communications technologies.
56I also include a specification with both interaction terms incorporated in a single regression. The specification and corre-
sponding results are shown in Appendix A.4.
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of labor after the arrival of new broadband connections.57 In Table A.20 of Appendix A.4, I formally test
the parallel-trends assumption by including two lead variables, which are two indicator functions taking the
value of 1 in t − 2 and t − 1, respectively, if an establishment receives the treatment in t, and 0 otherwise.
Coefficients on the lead variables are negative and insignificant, which supports the assumption of parallel
trends.
Additionally, Figure 1.7, which shows the new broadband backbones that had been introduced at various times
during the data period, illustrates three important aspects of the identifying variation I exploit. First, the new
backbones were completed throughout the period I consider and were connected to different municipalities
in time. This means that my DiD approach is dynamic in that I compare establishments in the treated and
control groups across many points in time rather than on a single date. Second, alignment of the backbones
was announced in 2010 and followed other infrastructures that had existed long before 2010, making it harder
for policymakers to align the broadband cables in anticipation of economic changes in certain areas. Third,
the order in which municipalities are connected is approximately geographically determined, according to
their distances to the submarine landing points along the coast, as illustrated in Figure 1.7. It is thus a
priori unlikely that the availability of the new backbones across different municipalities correlates with the
temporal variation in the extents of firms’ division of labor of areas on and off the new backbone cables in
Brazil.
In Appendix A.4, I perform a comprehensive set of robustness tests. I show that my results are robust to
varying the radius around the backbone network used to define connectivity status; to including only mono-
establishment firms; to only including eventually-treated areas; to excluding municipalities very near or far
from the backbone network from the sample; to excluding terminal locations along the new backbones; to
excluding locations very close to submarine landing points; to excluding establishments already connected to
the broadband network before PNBL; to excluding establishments located in rural areas or in very large cities;
to removing firms in export-intensive sectors; to removing workers hired after PNBL; and to controlling for
location-specific linear trends in the outcomes. I also show that the p-values of the estimates are similar if I
use a nonparametric permutation test for inferences.




In Table 1.6, I report the main findings: the estimated effects of new ICT infrastructure on establishment-level
variables. Relative to establishments in the control areas, the new backbone has a significantly positive effect
on division of labor. Column (1) shows that establishments receiving fast internet access increase their
number of occupations by 1.3 percentage point relative to other areas, whereas Column (3) shows that the
specialization indices within these establishments increase by a relative value of 0.09.
Columns (2) and (6) show the results for Equation (34). Consistent with model predictions, the impacts of
new ICT infrastructure are significantly greater for establishments located in larger cities. The estimated
heterogeneity is substantial. A 1 percent increase in city size increases the estimated effects of new broadband
connection by 0.8 percentage point and 0.01 when division of labor is measured by the number of occupation
codes and the specialization index, respectively. Next, I move on to the results for Equation (35). As
explained in Section 1.2.2, I adopt two alternative measures to proxy sector-level complexity, i.e., the number
of intermediate inputs to produce the sector output and the export share of G3 economies. Columns (3),
(4), (7), and (8) illustrate results that are consistent with the model prediction that the impacts of new ICT
infrastructure are greater for establishments that produce in more complex sectors.
In sum, it appears that firms underwent organizational changes in response to improvements in ICT in-
frastructure. Workers become more specialized in areas that are now connected to fast internet, indicating
that there is complementarity between division of labor and better ICT infrastructure in firms’ production
function. Additionally, the increases are higher for more complex firms and for firms in bigger cities, which
are consistent model assumptions that there are complementarities between firms’ division of labor and
complexity, and between firms’ division of labor and city size.
1.5.5 Alternative interpretation and additional tests
In my theory, improvement in ICT infrastructure increases firms’ division of labor. Since I don’t observe
the extent of worker specialization within firms directly, I use occupation codes to proxy firms’ division of
labor. I discuss alternative interpretations of the results and describe the tests in place to ensure the validity
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of the results.
First, when the new broadband connection is introduced, establishments that adopt the new technology
may need to hire new employees to work on IT-related jobs. If these occupations did not exist within the
establishment before, this would lead to amechanical increase in the number of occupations without changing
division of labor within the establishment. To address this problem, I remove all IT-related occupations from
the analysis, and re-estimate Equations (33), (34), and (35).58 As shown in Table 1.6, results are both
qualitatively and quantitatively similar to the baseline results.
Next, faster internet may change the boundary of an establishment. If this happens, the increase in the
number of occupation codes within an establishment would reflect an expansion of its boundary—for
example, addition of a new department or a new product—instead of a greater extent of division of labor.
Since I do not have the data for establishment-level product varieties or outsourcing decisions, I cannot
test the alternative mechanisms directly. However, existing literature shows that modern communication
technology is typically associated with a shrinkage in the establishment’s boundary.59 To the extent that this
is true, my estimate presents a lower bound of the true effect of broadband connectivity on division of labor.
I also derive a test to assess the possibility of changes in the establishment’s boundary. To do so, I remove
all occupation codes belonging to occupation categories that did not exist before the policy and re-estimate
Equations (33), (34), and (35).60 As shown in Table 1.6, results are again similar to baseline results.
Lastly, while I focus on the impact of the ICT infrastructure on firms’ division of labor in this paper,
extensive literature has found that technological changes such as fast internet tend to benefit skilled workers
and hurt low skilled workers, i.e., skill-biased technological change.61 In Appendix A.4, I show that faster
internet connection indeed increases skill intensities within establishments in affected cities. If the codes
58IT-related occupations correspond to CBO codes 212205, 212210, 212215, 212305, 212310, 212315,
212320, 212405, 212410, 212420, 313220, 313305, 313310, 313320, 317205 and 317210. See
http://www.mtecbo.gov.br/cbosite/pages/pesquisas/BuscaPorCodigo.jsf for more details on occupation codes.
59For example, Fort (2017) finds that communication technology lowers coordination costs, leading to more firm outsourcing or
fragmentation.
60An occupation category is defined by the 3-digit CBO code. The assumption for this test is that addition or removal of
occupation categories corresponds to changes in the boundary of an establishment.
61See Acemoglu and Autor (2011) for a review of the literature on skill-biased technological changes, and Hjort and Poulsen
(2016) for direct evidence that impacts from improvement in ICT infrastructure is skill biased.
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for skilled occupations are more finely divided, then the increase in the total number of occupation codes in
response to the new ICT infrastructure may simply reflect a shift towards more skilled occupations within an
establishment. To investigate this, I separate the occupation codes into two groups based on skill intensities
of the workers.62 As shown in Table 1.7, the baseline results continue to hold when I estimate the impact of
the ICT infrastructure for high and low skilled occupations separately.
In the empirical exercises, I focus on the total effect of the new broadband connection on firms’ division
of labor, without specifying the channels through which the faster internet can affect worker specialization
within firms. I hypothesize that a likely mechanism is through reduction in communications costs within
firms. To test this hypothesis, I present a supplementary test, which investigates changes in the share of
managers within establishments. Managers play a coordinating role within an organization in response to the
new internet. Studies of the internal organization of firms confirm that a reduction in communications costs
within a firm would lead to greater centralization in the management structure—i.e., the share of managers
would go down (see, e.g., Bloom et al., 2014 and McElheran, 2014). In Appendix A.4, I show that an
improvement in internet connectivity reduces the share of managers within establishments, consistent with
a reduction in communications frictions within firms.
1.5.6 External validation to the structural estimates
In addition to providing empirical support to the proposed theory, I also use the quasi-experiment to provide
out-of-sample validation to the estimated model. Since the model is estimated without using data after the
implementation of new ICT infrastructure, I can compare the model-based predicted impacts to the actual
changes.63
I first compute the reduction in the costs of division of labor, i.e., H (N, L), using the reduced-form evidence
in Section 1.5.4. The new broadband infrastructure increases division of labor within firms in the treated
areas by 1.27% more than the control areas. I calibrate the magnitude of the reduction in H (N, L) in treated
62A skilled occupation is one in which the share of high-skilled workers is above the median of all occupation codes. Following
conventional literature, I define high-skilled workers as those with some college degree or above.
63While I do not use the quasi-experiment in the structural estimation directly, I rely on it to assess the reliability of the structural
estimates. This is a commonly adopted approach in the literature, see, e.g., Todd and Wolpin (2006).
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cities in response to the broadband rollout to match the estimated treatment effect on firms’ division of labor,
yielding a 5.6% reduction in the costs. Using this, I then calculate the average city-level change in firms’
division of labor based on the predicted distribution of firms and sectors within a city. In the model, cities
populated by more high-z and/or high-cs firms would undergo a higher average city-level increase in firms’
division of labor due to heterogeneity of the treatment across different complexities.
Even though I do not use post-program data in my estimation, the correlation between the average change in
firms’ division of labor within different cities predicted by the model and those in the data is high, at 0.69.64
Looking at Figure A.13, one can see that the model accurately predicts that areas undergoing the highest
increase are concentrated in the South, and that the increases tend to be smaller in the northern parts of the
country.
1.5.7 Productivity impacts of the new ICT infrastructure
In my judgment, the results above, together with the two non-targeted moments in Section 1.4.3, provide
enough confidence in the model to use it to perform policy evaluations. In particular, I use the estimated
model to evaluate the impacts of the new broadband infrastructure on productivity and other outcomes. I
first estimate the short-term impacts of the new infrastructure by shutting down reallocation of firms and
workers across cities. I next allow firms and workers to move freely across cities to estimate the long-term
impacts.
Short-term impacts
In the model, an exogenous reduction in coordination costs would bring about general equilibrium effects,
including the relocation of firms across cities and adjustment in city size when workers migrate internally
in response to changes in local labor market demand. Most of these variables require a longer time horizon
to be realized. Since my theory is static, the predictions can be seen as long-run general equilibrium
64The benchmark correlation is 0.28, which is obtained by assuming a uniform distribution of firms and sectors across all cities.
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effects.65 In Appendix A.4, I investigate the impact of the new broadband infrastructure on the relocation
of establishments and city size. In summary, an improved internet connection has no significant effect the
migration of establishments or workers, within the observed period.66 Since I find no significant migration
of workers and firms in response to the new ICT infrastructure, I shut down firm sorting in this analysis to
estimate the short-term productivity impact.
I find that, in the short-term, the average productivity in treated areas increase by 3.94 percentage points more
than other areas. The productivity impact is generated through two channels: the direct impact of improved
ICT infrastructure on productivity, and additional productivity increase due to firms’ endogenous adjustment
in the optimal division of labor. Using the estimated model, I shut down the second channel by fixing firms’
division of labor at the level before the program. In doing so, the change in productivity reduces to 3.2% (or
a 19% reduction), showing again that division of labor has substantial impact on firms’ productivity.
Long-term impacts
Lastly, I use the estimated model to simulate the long-run general-equilibrium effects of improved ICT
infrastructure by allowing firms and workers to move across space.67 I first estimate the local impacts using
the following OLS regression:
4t log ym = α + βBackbonem + εm (36)
where 4t log ym is the log change in the outcomes of interest y in city m before and after the treatment, and
Backbonem is again an indicator function taking the value of 1 if city m is connected to the new backbone
and 0 otherwise. The variables I consider here are the number of establishments, city size, and average
local productivity. Results from this specification are in Columns 1 to 3 in Table A.24 in Appendix A.3.
In locations receiving the new infrastructure, the model predicts that the number of establishment grows
by 7.71 percentage points relative to other locations. Correspondingly, the treated cities also experience a
relative increase in the population of 7.8 percentage points.
65My model also abstracts from the existence of mobility costs and frictions. In a recent study, Morten and Oliveira (2016) find
that mobility costs are high in Brazil.
66I only observe at most two years after the program, as the most recent RAIS data I have access to is for Yr 2014.
67See Appendix A.4 for implementation details.
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The new infrastructure also affects the average local productivity. The model predicts that relative to the
control areas, the targeted cities would experience an increase in productivity by 9.98 percentage points. The
productivity impact is higher than the short-term local impact of 3.94 percentage points because the long-run
effects consist of both the effect of ICT infrastructure improvement, as well as productivity increase due to
additional agglomeration externalities as firms and workers move into the targeted areas.68
In addition to evaluating the local impacts of PNBL, the calibrated model also allows me to compute the
policy’s long-term aggregate effects. As explained in Section 1.5, one of the key policy objectives of the
program is to reduce spatial disparities. The literature (see, e.g., Kline and Moretti, 2014) points out that this
kind of spatially targeted policies may shift economic activities from one location to another. The aggregate
impacts on productivity and welfare are therefore ambiguous. Using my estimates, I examine how the new
infrastructure affects overall distribution of economic activities.
I compute the aggregate TFP and welfare effects of the policy, holding constant the treated areas.69 The
simulation shows that the expansion of broadband infrastructure has positive and small long-run effects on
productivity and welfare. The PNBL increases the aggregate TFP by a mere 0.39 percentage point, and the
aggregate welfare by 0.38 percentage point. Positive impacts to treated areas are largely offset by negative
effects on other places, which is consistent with the qualitative results of Kline and Moretti (2014).
I last study the impact of the policy on the dispersion of spatial outcomes, by computing the Gini coefficients
for the distributions of GDP per capita and city size in the economy. Despite low aggregate productivity
and welfare effects, the policy achieves some success at reducing regional inequalities. Using the estimated
model, I find that the expansion of broadband backbones reduces Gini indices by 0.7% and 1.4% for GDP
per capita and city size, respectively.
68These results are the same order of magnitude as the estimates by Hjort and Poulsen (2016), who find that access to broadband
internet increases firm productivity by 15.7 percentage points in African countries. It is also intuitive that my estimates are lower,
due to the model restriction that fast internet can only affect productivity by lowering the costs of division of labor, and ignores
other potential productivity effects of the fast internet.




s , where TFPs = means (ψ j s ).




, where P is the
aggregate price index, and pH is the price of housing.
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1.6 Conclusion
In this paper, I show that division of labor is an important contributing factor for the productivity advantage
in larger cities. Using the unique data that measures division of labor at the firm level, I document a new
empirical fact that firms adopt greater division of labor in larger cities. To explain this, I build a parsimonious
model embedding firms’ choices of the optimal division of labor into a spatial equilibrium framework, and
propose mechanisms that generate the positive correlation between firms’ division of labor and city size in
equilibrium. Firms’ optimal choices of division of labor drive sorting of firms across cities. This spatial
sorting shapes the spatial distributions of division of labor and productivity jointly. The structure of the
model, combined with the detailed observables in the data, allows me to estimate the contribution of division
of labor to productivity advantage in larger cities, and to separately identify the relative contributions of the
different channels proposed in the model. Finally, through a quasi-experiment, I provide causal empirical
evidence that supports a set of auxiliary theoretical predictions and validates the structural estimates.
This project is a step toward further unpacking the black box of agglomeration externalities. Identifying the
source of agglomeration externalities is important not only for our understanding of the regional produc-
tivity differences, but also matters for understanding aggregate productivity, which depends on the spatial
distribution of firms and workers. The evidence on both the relationship between firms’ division of labor
and city size, and the underlying mechanisms driving this relationship has direct policy implications. In the
quasi-experiment, the ICT infrastructure that improves coordination efficiencies within the firm may be an
effective way of increasing labor productivity by enabling workers to be more specialized. Future works
should evaluate the impact of other policy interventions related to reducing coordination costs, matching
frictions, or learning and training costs associated with worker specialization.
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1.7 Figures
Figure 1.1: Illustration of Adam Smith’s pin factories
By Denis Diderot, L’Encyclopédie (1760s). Source: http://furetière.eu/index.php. The top panel illustrates a pin factory with a lower extent of
division of labor, with 8 workers performing 6 distinct tasks. The bottom panel illustrates a pin factory with a greater extent of division of labor,
with 10 workers performing 8 distinct tasks.
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(a) Optimal division of labor (b) Optimal city size
Figure 1.2: Illustration of optimal firm decisions
Figure 1.3: Change in N in response to an exogenous shock to city infrastructure
In the figure, MB1 andMB2 illustrate themarginal benefits of division of labor for two firms. Given the complementarity assumption on A(N, z, cs ),
The MB2 curve shows the marginal benefit for a higher-z firm. The equilibrium optimal of division of labor is obtained by the intersection of
the marginal benefit and marginal cost curves, denoted by point N1* and N2*, respectively. In response to an exogenous improvement in city
infrastructure, both firms increase their division of labor. However, the increase is larger for the high-z firm due to the complementarity between
complexity and division of labor. Given the symmetry between sector-level complexity cs and firm-specific complexity z , the same arguments
apply for two firms that belong to different sectors, i.e., the firm with higher cs would increase its division of labor more.
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Figure 1.4: Elasticity of mean division of labor and labor payment to city size
Elasticity is generated by first running the regression: log mean N (L j ) = αs + βs log L j +  j (resp. log mean labor payment(L j )),
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Figure 1.5: Distribution of firms across cities
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Figure 1.6: Broadband backbone and population density in 2010
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Figure 1.8: Log number of occs in treated versus control groups in Brazil
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1.8 Tables
Dependent variable Log no of occupations within an establishment
All tradable Export intensive Mono-estb firms Homogeneous
(1) (2) (3) (4) (5)
Log (city size) .0501*** .0214*** .0219*** .0195*** .0173***
(.0032) (.0038) (.0037) (.0029) (.0082)
Controls No Yes Yes Yes Yes
Obs 304503 304503 115449 284592 34058
R-sq .13 .842 .836 .853 .821
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include state and
sector FEs. Establishment-level controls are establishment size and skill intensity within the firm. City-level controls are share
of high-skilled workers, average wage, sector diversity, and the size of local sectoral employment. Occupations are measured
by 6-digit Brazilian CBO codes. Sectors are measured by 5-digit Brazilian CNAE codes. Homogeneous sectors include
corrugated and solid fiber boxes, white pan bread, carbon black, roasted coffee beans, ready-mixed concrete, oak flooring,
motor gasoline, block ice, processed ice, hardwood plywood, and raw cane sugar (Foster, Haltiwanger and Syverson, 2008).
Table 1.1: Correlation of the establishment’s division of labor and various measures of extent of the market
Dependent variable Log no. of occupations
No. of intermediate inputs G3 export share
All tradable Exp intensive Mono-estb firms All tradable Exp intensive Mono-estb firms
(1) (2) (3) (4) (5) (6)
Log (complexity) .0355*** .0298*** .0366*** .0135*** .0123*** .0125***
(.0043) (.0053) (.0043) (.0032) (.0021) (.0033)
Obs 304503 115449 284592 304503 115449 284592
R-sq .787 .789 .789 .786 .785 .788
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a state
FE, a city FE and the skill intensity within the establishments. Occupations are measured by 6-digit Brazilian CBO codes.
Table 1.2: Correlation of the establishment’s division of labor and various measures of extent of the market
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Dep var: Share of establishments in large cities
Intermediate inputs G3 exp share
(1) (2) (3) (4) (5) (6)
Log(Complexity) .151*** .149*** .127*** .143*** .142*** .129***
(.0258) (.0258) (.0262) (.009) (.009) (.011)
No of Firms No Yes Yes No Yes Yes
Skill Intensity No No Yes No No Yes
Obs 269 269 269 269 269 269
R-sq .15 .155 .215 .091 .102 .143
Robust standard errors in parentheses. Significance levels: * 10%, ** 5%, ***1%. Sectors are defined at 4-digit level using
Brazillian CNAE system. All regressions include a sector fixed effect, defined at 2-digit CNAE level.
Table 1.3: Variation in the share of firms in big cities across sectors
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Sector Log wage bill Log employment Log no of occs N
mean p25 p75 mean p25 p75 mean p25 p75
Agriculture, and mining 10.94 9.94 11.7 2.05 1.39 2.71 1.42 .69 2.08 9239
Manufacture of food products, beverages and tobacco products 11 9.95 11.71 2.37 1.61 3 1.54 1.1 2.08 39831
Manufacture of textiles 11.15 10.06 11.95 2.4 1.61 3.14 1.55 .69 2.08 9742
Manufacture of wearing apparel 10.75 9.91 11.37 2.18 1.39 2.83 1.33 .69 1.79 46098
Manufacture of leather goods and footwear, leather tanning 11.15 10.11 11.96 2.52 1.61 3.3 1.54 1.1 2.08 11229
Manufacture and products of wood, except furniture 10.81 9.99 11.43 2.13 1.39 2.71 1.37 .69 1.95 14044
Manufacture of pulp, paper and paper products 11.45 10.36 12.28 2.58 1.61 3.37 1.78 1.1 2.4 4524
Publishing, printing and reproduction of recorded media 10.65 9.82 11.23 1.77 1.1 2.3 1.34 .69 1.79 11305
Manufacture of chemicals and chemical products 11.61 10.41 12.59 2.49 1.61 3.3 1.83 1.1 2.48 10017
Manufacture of pharmaceutical products 12.18 10.68 13.56 2.88 1.79 3.99 2.08 1.39 2.94 912
Manufacture of rubber and plastic products 11.5 10.44 12.34 2.58 1.79 3.37 1.73 1.1 2.3 15609
Manufacture of glass, ceramic, brick and cement products 10.95 10.08 11.62 2.28 1.61 2.89 1.42 .69 1.95 27008
Manufacture of basic metals 11.6 10.49 12.51 2.5 1.61 3.33 1.81 1.1 2.48 4523
Manufacture of fabricated metal products, except machinery 10.99 10.01 11.76 2.04 1.39 2.71 1.4 .69 1.95 34950
Manufacture of computer and electronic products 11.67 10.5 12.63 2.47 1.61 3.37 1.82 1.1 2.56 3751
Manufacture of electrical machines 11.68 10.58 12.59 2.58 1.61 3.4 1.86 1.1 2.48 4878
Manufacture of other equipments and machines 11.58 10.5 12.44 2.34 1.39 3.09 1.81 1.1 2.48 15287
Manufacture of automotive vehicles 11.6 10.36 12.51 2.54 1.61 3.3 1.81 1.1 2.48 6207
Manufacture of other transport equipment 11.66 10.43 12.6 2.57 1.61 3.4 1.86 1.1 2.48 1169
Manufacture of furniture 10.83 9.91 11.51 2.06 1.39 2.71 1.32 .69 1.95 18288
Manufacture of miscellaneous products, other mfg activities 10.89 9.92 11.62 2.1 1.39 2.71 1.39 .69 1.95 9801
Table 1.4: Summary statistics across sectors
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Sector αˆ cˆ θˆ νˆz νˆL
Agriculture, and mining 0.133 0.000 0.000 0.458 0.834
(0.041) (0.479) (0.117) (0.422) (0.743)
Manufacture of food products, beverages and tobacco products 0.167 0.296 0.8177 0.268 0.109
(0.009) (0.020) (0.258) (0.022) (0.012)
Manufacture of textiles 0.023 0.355 0.320 0.375 0.546
(0.008) (0.131) (0.426) (0.029) (0.509)
Manufacture of wearing apparel 0.063 0.208 0.412 0.744 0.426
(0.012) (0.159) (0.247) (0.282) (0.155)
Manufacture of leather goods and footwear, leather tanning 0.047 0.118 0.316 0.399 0.298
(0.042) (0.141) (0.216) (0.138) (0.233)
Manufacture and products of wood, except furniture 0.001 0.058 0.716 0.540 0.430
(0.002) (0.053) (0.460) (0.411) (0.364)
Manufacture of pulp, paper and paper products 0.010 0.036 0.248 0.272 0.452
(0.004) (0.100) (0.364) (0.648) (0.390)
Publishing, printing and reproduction of recorded media 0.048 0.371 0.584 0.607 0.762
(0.042) (0.323) (0.349) (0.408) (0.381)
Manufacture of chemicals and chemical products 0.015 0.401 0.772 0.475 0.113
(0.019) (0.400) (0.718) (0.589) (0.007)
Manufacture of pharmaceutical products 0.146 0.565 0.234 0.977 0.647
(0.865) (0.570) (0.268) (0.986) (0.717)
Manufacture of rubber and plastic products 0.034 0.423 0.130 0.813 0.224
(0.003) (0.232) (0.089) (0.494) (0.026)
Manufacture of glass, ceramic, brick and cement products 0.046 0.189 0.078 0.233 0.157
(0.015) (0.011) (0.011) (0.156) (0.012)
Manufacture of basic metals 0.014 0.159 0.264 0.300 0.303
(0.011) (0.032) (0.204) (0.254) (0.450)
Manufacture of fabricated metal products, except machinery 0.094 0.340 0.532 0.399 0.707
(0.029) (0.051) (0.128) (0.081) (0.152)
Manufacture of computer and electronic products 0.073 0.612 0.252 0.637 0.401
(0.068) (0.900) (0.394) (0.523) (0.521)
Manufacture of electrical machines 0.090 0.509 0.178 0.401 0.125
(0.112) (0.198) (0.275) (0.535) (0.232)
Manufacture of other equipments and machines 0.067 0.453 0.119 0.239 0.400
(0.036) (0.280) (0.094) (0.165) (0.115)
Manufacture of automotive vehicles 0.002 0.601 0.724 0.275 0.139
(0.004) (0.734) (0.411) (0.114) (0.278)
Manufacture of other transport equipment 0.020 0.591 0.278 0.647 0.481
(0.056) (1.207) (1.086) (1.649) (0.913)
Manufacture of furniture 0.017 0.441 0.628 0.827 0.538
(0.008) (0.042) (0.328) (0.462) (0.047)
Manufacture of miscellaneous products, other mfg activities 0.036 0.542 0.798 0.836 0.986
(0.020) (0.645) (0.141) (0.274) (0.173)
α is the log-linear standard agglomeration coefficient; c is the log-supermodulary coefficient on the complementarity between complexity
and the division of labor; θ is the log-supermodulary coefficient on the complementarity between the division of labor and city size; νz is
the variance of firm complexity draws; νL is the variance of firm-city size specific shocks.
Table 1.5: Estimated parameters
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Baseline results
Backbone j t .0127*** .0015 .0015 .0074** .0855*** .0116 .0728*** .0805***
(.0028) (.003) (.0038) (.0032) (.017) (.0085) (.014) (.016)
Backbone j t × log Lct0 .0077*** .0141***
(.0008) (.0033)
Backbone j t × log cst0 .0139*** .004*** .0156*** .0064***
(.0031) (.0012) (.0044) (.0013)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .853 .853 .853 .854 .717 .718 .717 .717
Excluding IT-related occupations
Backbone j t .0124*** .0020 .0019 .007* .086*** .011 .0734*** .0819***
(.0031) (.0021) (.0019) (.0042) (.0073) (.0079) (.0241) (.0136)
Backbone j t × log Lct0 .0067*** .0126***
(.0018) (.0035)
Backbone j t × log cst0 .0123*** .0027* .016*** .0038**
(.0023) (.0016) (.0047) (.0015)
Obs 721629 721629 721629 721629 721629 721629 721629 721629
R-sq .851 .850 .850 .850 .714 .713 .713 .715
Dropping occupation categories did not exist before
Backbone j t .0124*** .001 .031 .008* .076*** .012 .0743*** .0808***
(.0037) (.0021) (.0029) (.0032) (.0063) (.01) (.0142) (.013)
Backbone j t × log Lct0 .0068*** .0126***
(.0018) (.0035)
Backbone j t × log cst0 .0132*** .003** .0143*** .0058***
(.0053) (.0015) (.0057) (.0015)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .851 .850 .850 .851 .715 .715 .714 .715
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions
include a constant term, establishment and year FEs.
Table 1.6: Impacts of fast internet on division of labor within establishments
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Low-skill occupations
Backbone j t .0931*** .0069** .003 .0016 .063*** .00536 .0621*** .0641***
(.0027) (.0029) (.0035) (.0031) (.0109) (.0077) (.0114) (.0106)
Backbone j t × log Lct0 .0078*** .0117***
(.0007) (.0023)
Backbone j t × log cst0 .0075*** .0033*** .01*** .0025***
(.0028) (.0012) (.0022) (.0009)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .835 .835 .835 .835 .618 .618 .618 .618
High-skill occupations
Backbone j t .0131*** .0012 .0027 .0077** .0905*** .0052 .0581*** .0478***
(.0036) (.0038) (.0049) (.0039) (.0116) (.0095) (.0164) (.0125)
Backbone j t × log Lct0 .0093*** .02***
(.0009) (.003)
Backbone j t × log cst0 .0193*** .0042*** .0198*** .0087***
(.0037) (.0012) (.0064) (.0012)
Obs 469224 469224 469224 469224 469224 469224 469224 469224
R-sq .818 .818 .818 .819 .68 .68 .68 .681
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions
include a constant term, establishment and year FEs.
Table 1.7: Impacts of fast internet on division of labor within establishments: separating high and low-skill occupations
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Chapter 2. Tradability and the Labor-Market Impact of Immigration: Theory and Evidence from
the U.S.
(with Ariel Burstein, Gordon Hanson and Jonathan Vogel)
2.1 Introduction
There is a large literature on the labor market impacts of international trade.70 While this work has advanced
far beyond the classical two-good, two-factor Heckscher-Ohlin (HO) model, modern analyses of, say, how
trade with China affects U.S. wages and employment still invoke variation in factor intensities across
producers, which is central to the HO framework.71 By contrast, research on the labor market impact of
immigration has been far less kind to classical trade theory. The Rybczynski Theorem (Rybczynski, 1955),
the core HO result related to immigration, which predicts that factor prices and industry factor proportions
are insensitive to changes in factor supplies and that between-industry factor movements are what deliver
this insensitivity, is widely seen as being counterfactual.72
In this paper, we present theoretical analysis and empirical evidence to show that variation in factor intensities,
together with variation in the tradability of goods and services, matters for how native workers are affected
by inflows of foreign labor. By allowing the labor-market effects of immigration to differ for aggregates
of tradables and nontradables, we follow previous literature. The novelty of our approach is its focus on
Rybczynksi-style adjustment mechanisms—suitably generalized to allow for worker heterogeneity across job
tasks and endogenous producer prices at the regional level—which operate distinctly within tradables versus
within nontradables. As we demonstrate, these mechanisms create new sources of variation in worker and
regional exposure to labor supply shocks.
70For recent surveys of this work, see Harrison et al. (2011) and Autor et al. (2016).
71See, e.g., Kovak (2012), Galle et al. (2015), Adao (2017), and Burstein and Vogel (2017).
72See Hanson and Slaughter (2002) and Gandal et al. (2004) for evidence that economies do not absorb labor inflows by shifting
toward labor-intensive industries and related analysis in Bernard et al. (2013) on regional covariation in factor prices and factor
supplies. See Gonzalez and Ortega (2011) for recent analysis in a line of work dating back to Card (1990) on how sudden inflows
of immigrant labor do not discernibly affect native wages and employment. For contrasting results on immigration and industry
size, see Bratsberg et al. (2017). Card and Lewis (2007), Lewis (2011), and Dustmann and Glitz (2015) find that absorption of
foreign labor occurs through within-industry and within-firm changes in factor intensities. Empirical work more in the spirit of
Rybczynski examines how national factor supplies affect national specialization patterns (Harrigan, 1995; Bernstein and Weinstein,
2002; Schott, 2003; Romalis, 2004).
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To preview our approach, we consider the impact of a local influx of immigrants on U.S. native-born workers
within the set of more relative to less immigrant-intensive occupations, where we incorporate variation in
the tradability of goods and services as in recent models of offshoring (Grossman and Rossi-Hansberg,
2008). Although textile production and housekeeping, for instance, are each intensive in immigrant labor,
textile factories can absorb increased labor supplies by expanding exports to other regions (with small
corresponding price reductions) in a way that housekeepers cannot. We derive a simple theoretical condition
under which the arrival of foreign-born labor crowds native-born workers into or out of immigrant-intensive
jobs and explain why this process differs within the sets of tradable tasks (e.g., textiles) and nontradable
tasks (e.g., housekeeping). Empirically, we find support for our model’s implications using cross-region
and cross-occupation variation in changes in labor allocations, total labor payments, and wages for the
U.S. between 1980 and 2012. While we focus on occupations to match our model’s emphasis on worker
assignment to tasks, we also analyze industries separated by their tradability. Finally, we incorporate our
insights into a generalized quantitative framework to provide structural interpretations of the magnitudes of
our reduced-form estimates and to aggregate up from the region-occupation level to the region-level, where
we capture impacts on regional wages and welfare.
Our model has three main ingredients. First, each occupation is produced using a combination of immigrant
and native labor, where the two types of workers may differ in their relative productivities across occupations
and may be imperfectly substitutable within occupations.73 Second, heterogeneous workers select occupa-
tions as in Roy (1951), giving rise to upward-sloping labor-supply curves.74 Third, the elasticity of demand
facing a region’s occupation output with respect to its local price differs endogenously between more- and
less-traded occupations. In this framework, the response of occupational wages and employment to an inflow
of foreign-born labor depends on two elasticities: the elasticity of local occupation output to local prices and
the elasticity of substitution between native and immigrant labor within an occupation. When the second
73Comparisons between the degree of native-immigrant substitutability within occupations on which we focus and on prior
estimates of an aggregate native-immigrant substitutability (Ottaviano and Peri, 2012; Borjas et al., 2012) are not well founded.
This aggregate elasticity is not a structural parameter in our model. Nevertheless, we follow the approach of the prior literature to
estimate this aggregate elasticity using data generated in our counterfactual exercises, which we discuss in Appendix B.10.5.
74In marrying Roy with Eaton and Kortum (2002), our work relates to analyses on changes in labor-market outcomes by gender
and race (Hsieh et al., 2016), the role of agriculture in cross-country productivity differences (Lagakos and Waugh, 2013), the
consequences of technological change for wage inequality (Burstein et al., 2016), and regional adjustment to trade shocks (Caliendo
et al., 2015a; Galle et al., 2015).
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elasticity is low, crowding in occurs, as in the classic Rybczynski (1955) effect. Because factor proportions
within each occupation are insensitive to changes in factor supplies, market clearing requires that factors
reallocate towards immigrant-intensive occupations. By contrast, a low elasticity of local occupation output
to local prices means that the ratio of outputs across occupations is relatively insensitive to changes in factor
supplies. Now, factors reallocate away from immigrant-intensive occupations, in which case foreign-born
arrivals crowd the native-born out of these lines of work. More generally, native-born workers are crowded
out by an inflow of immigrants if and only if the elasticity of substitution between native and immigrant
labor within each occupation is greater than the elasticity of local occupation output to local prices.75 Factor
reallocation, in turn, is linked to changes in occupational wages. Because each occupation faces an upward-
sloping labor-supply curve, crowding out (in) is accompanied by a decrease (increase) in the wages of native
workers in relatively immigrant-intensive jobs.
The tradability of output matters in our model because it shapes the elasticity of local occupation output to
local prices. The prices of more-traded occupations are (endogenously) less sensitive to changes in local
output. In response to an inflow of immigrants, the increase in output of immigrant-intensive occupations
is larger and the reduction in price is smaller for tradable than for nontradable tasks. That is, adjustment
to labor-supply shocks across tradable occupations occurs more through changes in output when compared
to nontradables. The crowding-out effect of immigration on native-born workers, whatever its sign, is
systematically weaker in tradable than in nontradable jobs. Since factor reallocation and wage changes are
linked by upward-sloping occupational-labor-supply curves, an inflow of immigrants causes wages of more
immigrant-intensive occupations to fall by less (or to rise by more) within tradable occupations than within
nontradable occupations.
We provide empirical support for the adjustment mechanism in our model by estimating the impact of
increases in local immigrant labor supply on the local allocation of domestic workers across occupations
in the U.S. We instrument for immigrant inflows into an occupation in a local labor market following Card
(2001). Because we focus on adjustment across occupations within a region, we are able to control for
regional and occupation-group time trends and thus impose weaker identifying assumptions than in standard
75The Rybczynski Theorem is a particular knife-edge case of our framework in which, amongst many other restrictions, the
elasticity of local occupation output to local prices is assumed to be infinite.
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applications of the Card approach. Using commuting zones to define local labor markets, measures of
occupational tradability from Blinder and Krueger (2013) and Goos et al. (2014), and data from Ipums over
1980 to 2012, we find that a local influx of immigrants crowds out employment of U.S. native-born workers
in more relative to less immigrant-intensive occupations within nontradables, but has no such effect within
tradables. Stronger immigrant crowding out in nontradables satisfies a central prediction of our model.
Additional support for the adjustment mechanism in our framework comes from occupation total labor
payments, which in our model are proportional to occupational revenue. A regional inflow of foreign labor
leads to larger increase in labor payments for immigrant-intensive occupations in tradables when compared
to nontradables, which is consistent with tradable occupations adjusting relatively more through changes in
local output and nontradable occupations adjusting relatively more through changes in local prices. Analysis
of wage changes in response to immigration provides further support for our mechanism.
The empirical estimates guide the parameterization of an extended version of our model, which incorporates
multiple education groups, allows for the geographic mobility of native and immigrant labor (Borjas, 2006;
Cadena and Kovak, 2016), and relaxes the restrictions (small shocks and small open economy) we impose to
obtain our analytic results. Using the model, we conduct counterfactual analyses which (i) provide structural
interpretations of themagnitudes of our reduced-formempirical estimates, (ii) demonstrate that our qualitative
results are robust to a wide range of generalizations, and (iii) obtain impacts on how immigration affects
regional wages andwelfare both across occupationswithin regions and across regions. In one of our exercises,
motivated by current U.S. policy proposals, we consider a reduction of immigrants from Latin America,
who tend to have low education levels and to cluster in specific U.S. regions. Unsurprisingly, the average
wage of low-education relative to high-education native-born workers rises by more in high-settlement cities
such as Los Angeles than in low-settlement cities such as Pittsburgh. More significantly, for both education
groups this shock raises wages for native-born workers in more-exposed nontradable occupations (e.g.,
housekeeping) relative to less-exposed nontradable occupations (e.g., firefighting) by much more than for
similarly differentially exposed tradable jobs (e.g., textile-machine operation versus technical support staff),
consistent with the wage implications of differential immigrant crowding out of native-born workers within
nontradables versus within tradables implied by our theoretical results. Reducing immigration also raises the
local price index, thereby lowering real wages for native-bornworkers, except in themost immigrant-intensive
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nontraded occupations in the most-exposed regions.76 In many commuting zones, the within-CZ variation
in wage changes (i.e, across occupations) dwarfs the variation in average wage changes across CZs, which
highlights the new sources of worker exposure to immigration that are elucidated by our framework.
The quantitative analysis also allows us to evalute alternative explanations for our empirical result on
greater immigrant crowding out of natives within tradables relative to within nontradables. One such
explanation is that crowding out occurs because immigrant-native substitution elasticities are higher in
nontradable occupations than in tradables, rather than because, as we suppose, that the price elasticity of
output is lower in nontradables than in tradables. If we set the immigrant-native substitution elasticity to
be higher in nontradables than in tradables, there is, as expected, stronger immigrant crowding-out within
nontradables than within tradables. However, these elasticity values generate counterfactual changes in total
labor payments. Other explanations for stronger immigrant crowding out within nontradables, such as higher
factor adjustment costs or lower supply elasticities in tradables compared to nontradables, would have to
confront the observation that over time employment shares change by more across tradable jobs than across
non-tradable jobs.
Many scholars have considered the interaction between immigration and trade. In recent empirical work,
Dustmann and Glitz (2015), Hong and McLaren (2015), and Peters (2017) study the impact of immigration
on average native outcomes in an aggregate tradable (manufacturing) sector relative to an aggregate non-
tradable (non-manufacturing) sector. Dustmann and Glitz (2015) find that in response to an influx of
immigrants, average native wages fall in nontradables but not in tradables; Peters (2017) finds that the
manufacturing share of employment rises in regions that are more exposed to refugee inflows in post-
World War II Germany.77 While our analysis encompasses variation in impacts between tradable and
nontradable aggregates—which would account for why immigration induces larger declines in native wages
and employment among housekeepers than among textile workers—this variation is orthogonal to the
Rybczynski-style effects on which we focus. To identify these effects, our theory says to compare jobs within
tradables—e.g., immigrant-intensive textiles versus non-immigrant-intensive technical support—and jobs
76Also on the welfare gains from immigration, see Hong and McLaren (2015), Monras (2015), and Caliendo et al. (2017).
77Hong andMcLaren (2015) find, in contrast, that immigrant inflows in U.S. regions lead to increases in total native employment,
with no consistent difference in response between more and less tradable industries.
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within nontradables—e.g., immigrant-intensive housekeeping versus non-immigrant-intensive firefighting.
We use such within-aggregate comparisons to validate our model empirically.78
In other work on immigration and trade, Ottaviano et al. (2013) study a partial equilibrium model in which
firms may hire native and immigrant labor domestically or offshore production. Freer immigration reduces
offshoring and has theoretically ambiguous impacts on native employment, which empirically they find to
be positive. Our paper characterizes when crowding out (in) occurs in a general equilibrium context, as well
as how native employment and wage impacts differ for more and less tradable jobs.
In line with our prediction for differential crowding out within tradables versus within nontradables, Cortes
(2008) finds that a city-level influx of immigrants reduces the local prices of six immigrant-intensive non-
traded activities while having a small and imprecisely estimated impact on the prices of tradables, either for
those with low immigrant employment intensities or for those with high intensities. Industry case studies
further support our framework. A local influx of foreign labor displaces (i.e., crowds out) native-born
workers in immigrant-intensive non-traded occupations, including manicurist services (Federman et al.,
2006), construction (Bratsberg and Raaum, 2012), and nursing (Cortes and Pan, 2014). While these results
for nontradables appear to contradict the Ottaviano et al. (2013) finding of immigrant crowding in of native
workers for tradables, our theoretical model is fully consistent with stronger crowding in for tradables
versus stronger crowding out for nontradables, thereby rationalizing the ostensibly discordant evidence in
the literature.79
In broader work on whether immigrant arrivals displace native-born workers on the job, evidence of displace-
ment effects is decidedly mixed (Peri and Sparber, 2011a). While higher immigration occupations or regions
do not in general have lower employment rates for native-born workers (Friedberg, 2001; Card, 2005; Cortes,
2008), affected regions do see lower relative employment of native-born workers in manual-labor-intensive
78If one allows cross-country differences in technology to affect immigration, then foreign labor inflows may reduce real incomes
in high-income countries such as the U.S. through adverse impacts on global relative prices (Davis and Weinstein, 2002). This
insight relates to the broader result that the welfare consequences of factor inflows are tightly connected to their consequences for a
country’s terms of trade (Grossman, 1984).
79One difference between our work and Ottaviano et al. (2013) is that whereas they find crowding in of natives by immigrants
in tradables, we find neutral effects (neither crowding out nor crowding in). This distinction may be driven by our analysis being
conducted at the regional level, which allows us to control for national-level occupation time trends, whereas the analysis in Ottaviano
et al. (2013), because it is conducted at the national level, necessarily excludes such controls.
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tasks (Peri and Sparber, 2009). Our analysis suggests that previous work, by imposing uniform adjustment for
sectors that have similar factor intensities, incompletely characterizes immigration displacement effects. It
is the combination of immigrant intensity and nontradability that predisposes an occupation to the crowding
out of native labor by foreign labor. Our contribution is to build a theoretical framework that generates
differential responsiveness of wages, employment, and total labor payments across activities separated by
their immigrant intensity and their tradability, and to offer an empirical and quantitative evaluation of this
framework.
Our analytic results on immigrant crowding out of native-born workers are parallel to insights on capital
deepening in Acemoglu and Guerrieri (2008) and on offshoring in Grossman and Rossi-Hansberg (2008).
The former paper, in addressing growth dynamics, derives a condition for crowding in (out) of the labor-
intensive sector in response to capital deepening in a closed economy; the latter paper demonstrates that
a reduction in offshoring costs has both productivity and price effects, which are closely related to the
forces behind crowding in and crowding out, respectively, in our model. As we show below, the forces
generating crowding in within Acemoglu and Guerrieri (2008) and the productivity effect in Grossman and
Rossi-Hansberg (2008) are closely related to the Rybczynski theorem. Relative to these papers, we provide
more general conditions under which there is crowding in (out), show that crowding out is weaker where
local prices are less responsive to local output changes, and prove that differential output tradability creates
differential local price sensitivity.
Sections 2.2 and 2.3 outline our benchmark model and present comparative statics. Section 2.4 details our
empirical approach and results on the impact of immigration on the reallocation of native-born workers,
changes in labor payments across occupations, and changes in wages for native-born workers. Section 2.5
summarizes our quantitative framework and discusses parameterization, while Section 2.6 presents results
from counterfactual exercises. Section 2.7 offers concluding remarks.
2.2 Model
The model that we present combines three ingredients. First, following Roy (1951) we allow for occupational
selection by heterogeneous workers, inducing an upward-sloping labor supply curve to each occupation and
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differences in wages across occupations within a region. Second, occupational tasks are tradable, as in
Grossman and Rossi-Hansberg (2008), and we incorporate variation across occupations in tradability, which
induces occupational variation in price responsiveness to local output. Third, as in Ottaviano et al. (2013),
we allow for imperfect substitutability within occupations between immigrant and domestic workers.
2.2.1 Assumptions
There are a finite number of regions, indexed by r ∈ R. Within each region there is a continuum of workers
indexed by z ∈ Zr , each of whom inelastically supplies one unit of labor. Workers may be immigrant (i.e,
foreign born) or domestic (i.e., native born), indexed by k = {I, D}. The set of type k workers within region
r is given by Zkr , which has measure Nkr . Each worker is employed in one of O occupations, indexed by
o ∈ O. In Section 2.5 we extend this model by dividing domestic and immigrant workers by education and
allowing for the imperfect mobility of labor across regions.80
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where Yr is the absorption (and production) of the final good in region r , Yro is the absorption of occupation
o in region r , and η > 0 is the elasticity of substitution between occupations in the production of the final













for all r, o,
where Yjro is the absorption within region r of region j’s output of occupation o and where α > η is the
80While we allow occupational selection to respond to immigration, we take worker education levels as given. See Llull (2017)
for an analysis that endogenizes native education choices in response to immigration. Whereas in the model the supply of immigrant
workers in a region is exogenous, in the empirical analysis we treat it as endogenous; see Klein and Ventura (2009), Kennan
(2013), di Giovanni et al. (2015), Desmet et al. (ming), and Caliendo et al. (2017) for models of international migration based on
cross-country wage differences. In Appendix B.6 we vary the model by allowing for an infinitely elastic supply of immigrants in
each region-occupation pair (which fixes their wage). We show that the implications of that model for occupation wages of native
workers and factor allocations in response to changes in the productivity of immigrants are qualitatively the same as those in our
baseline model for changes in the number of immigrants. We also use this model to relate our results to those in Grossman and
Rossi-Hansberg (2008).
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elasticity of substitution between origins for a given occupation.
















for all r, o, (37)
where Lkro is the efficiency units of type k workers employed in occupation o in region r; Aro and Akro
are the systematic components of productivity of all workers and of any type k worker, respectively, in
this occupation and region; and ρ > 0 is the elasticity of substitution between immigrant and domestic
labor within each occupation.81 In Appendix B.4, we present an alternative model that microfounds the
imperfect substitutability of native and immigrant labor within occupations, in which occupation output is
produced using a continuum of tasks and domestic and immigrant labor are perfect substitutes (up to a task-
specific productivity differential) within each task. This setting—in which immigrant and native workers
endogenously specialize in different tasks within occupations—yields an identical system of equilibrium
conditions to those we consider in the main text, where the parameter ρ controls the extent of comparative
advantage between domestic and immigrant labor across taskswithin occupations.82 Thus, while our baseline
model imposes imperfect substitutability between immigrant and native workers at the occupation level, it
can be grounded in a framework that entails perfect substitutability at the task level.
Two further remarks regarding our approach are in order. A first is that our baseline model abstracts from
variation across occupations in the elasticity of substitution between immigrant and domestic workers, ρ,
which prevents such variation from being a source of differential adjustment to immigration within tradables
as compared to within nontradables. In Section 2.5, we show that assuming a higher value of this elasticity
for less traded occupations implies stronger crowding-out within this group (consistent with our data) but has
counterfactual predictions for how labor payments and prices respond to immigration. A second is that while
the literature has varying results on the substitutability of domestic and immigrant workers in the aggregate
and at the national level (Borjas et al., 2012; Manacorda et al., 2012; Ottaviano and Peri, 2012), reasonable
81All our results hold if occupation production functions are common Cobb-Douglas aggregators of our labor aggregate in (37)
and a composite input.
82Analogously, the trade elasticity in gravity models has alternative micro-foundations (see e.g. Arkolakis et al., 2012), and they
all result in similar aggregate implications.
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estimates suggest that the degree of aggregate substitutability between domestic and immigrant workers with
similar education and experience levels at the national level is high, e.g. ranging from around 10 to 100 in
Ottaviano and Peri (2012). Unlike the elasticity of substitution between immigrant and domestic workers
within occupations ρ, this aggregate and national elasticity of substitution is not a structural parameter in
our model. However, when we estimate it on data generated by our quantitative model, we find an elasticity
of around 10, which is at the lower end of estimates in the empirical literature (see Appendix B.10.5).
A worker z ∈ Zkr supplies ε (z, o) efficiency units of labor if employed in occupation o.83 Let Zkro denote










ε (z, o) dz for all r, o, k.
We assume that each ε (z, o) is drawn independently from a Fréchet distribution with cumulative distribution




, where a higher value of θ > 0 decreases the within-worker dispersion of
efficiency units across occupations.84
The services of an occupation can be traded between regions subject to iceberg trade costs, where τr jo ≥ 1
is the cost for shipments of occupation o from region r to region j and we impose τrro = 1 for all regions
r and occupations o. The quantity of occupation o produced in region r must equal the sum of absorption
83Because our empirics focus on long-term labor adjustment, our theory abstracts from adjustment costs for workers reallocating
between occupations (see e.g. Caliendo et al. (2015a)).
84We make the assumption of a FrÃ©chet distribution largely because it is convenient to derive our analytic comparative statics
and to parameterize the model in the presence of a large number (50) of occupation choices (since it only requires one parameter,
shaping how occupation wages change with occupation employment). See Adao (2017) for a non-parametric approach to estimate
the distribution of idiosyncratic productivity. In Appendix B.9 we provide reduced-form empirical evidence showing that the
implications for average occupation wages of the Fréchet assumption perform well for high-education natives but have more mixed
success for low-education natives.
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τr joYr jo for all r, o. (38)
Although it plays little role in our analysis, we assume trade is balanced in each region.
All markets are perfectly competitive, all factors are freely mobile across occupations, and, for now, all
factors are immobile across regions (an assumption we relax in Section 2.5).
2.2.2 Equilibrium characterization
We characterize the equilibrium under the assumption that Lkro > 0 for all occupations o and worker types
k, since our analytic results are derived under conditions such that this assumption is satisfied. Final-good


















denotes the final good price, and where Pyro denotes the absorption price of occupation o in region r . Optimal
regional sourcing of occupation o in region j implies


















and where Pro denotes the output price of occupation o in region r . Equations (38), (39), and (41)
imply




































where W kro denotes the wage per efficiency unit of type k labor employed in occupation o within region r ,
which we henceforth refer to as the occupation wage. A change inW kro represents the change in the wage of
a type k worker in region r who does not switch occupations.85 Because of self-selection into occupations,
W kro differs from the average wage earned by type k workers in region r who are employed in occupation o,
Wagekro . Changes in region-occupation average wagesWagekro reflect both changes in wages per efficiency
unit in region-occupation ro and the resorting of workers across occupations in region r . In Section 2.4.5 we
show how we can use measures of changes in average wages across occupations at the region level to infer
indirectly how immigration affects occupation-level wages.
Worker z ∈ Zkr chooses to work in the occupation o that maximizes wage income W kro × ε (z, o). The
assumptions on idiosyncratic worker productivity imply that the share of type k workers who choose to work










85In response to a decline in an occupationwage, a workermay switch occupations, thusmitigating the potentially negative impact
of immigration on wages, as in Peri and Sparber (2009). However, the envelope condition implies that given changes in occupation
wages, occupation switching does not have first-order effects on changes in individual wages, which solve maxo
{
W kro × ε (z, o)
}
.
Because this holds for all workers, it also holds for the average wage across workers, as can be seen in equation (64).
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θ+1 Nkr , (47)





and Γ is the gamma function. Finally, trade balance implies
∑
o∈O
ProQro = PrYr for all r . (48)










, quantities of occupation










for all regions r ∈ R,
occupations o ∈ O, and worker types k that satisfy (39)-(48).
2.3 Comparative Statics
We next derive analytic results for infinitesimal changes in regional labor supply, N Ir and NDr , and region ×
occupation productivity, Aro , on occupation quantities, prices, and labor payments as well as factor allocation
and occupation wages.86 By totally differentiating the system of equations, we are not taking a stand on the
extent to which changes in regional labor supply cause changes in productivity or vice versa. Instead, we
are determining how outcomes of interest must respond to any combination of changes in labor supply and
productivity. Of course, our empirical exercises will involve an instrumental variables strategy, which does
require that we take a stand on the direction of causality in the estimation.
To build intuition and identify how particular assumptions affect results, we start with the special case of
a closed economy with fixed productivity in Section 2.3.1. We then generalize the results, first in Section
2.3.2 by allowing for trade between regions under the assumption that each region operates as a small open
economy, and then in Section 2.3.3 by additionally allowing for changes in region × occupation productivity.
Lower case characters, x, denote the logarithmic change of any variable X relative to its initial equilibrium
level (e.g. nkr ≡ ∆ ln Nkr ). Derivations and proofs are in Appendix B.1.




In this section we assume that region r is autarkic: τr jo = ∞ for all j , r and o. We describe the impact of
a change in labor supply first on occupation output, prices, and labor payments and then on factor allocation
and occupation wages.87
Changes in occupation quantities, prices, and labor payments. Infinitesimal changes in aggregate labor
supplies, NDr and N Ir , within an autarkic region generate changes in relative occupation output quantities
across two occupations o and o′ that are given by







and changes in relative occupation output prices that are given by
pro − pro′ = −1
η
(



















is defined as the cost share of immigrants in occupation o output in region r
(the immigrant cost share) and w˜r ≡ wDro − wIro denotes the log change in domestic relative to immigrant
occupationwages (which is common across occupations).88 The log change in domestic relative to immigrant









(θ + ρ) η + θ (ρ − η)
(
1 −∑ j ∈O (piIr j − piDr j ) SIr j ) ≥ 0
is the absolute value of the elasticity of domestic relative to immigrant occupation wages to changes in their
relative supplies. That Ψnr ≥ 0 is an instance of the law of demand. With Ψnr ≥ 0, an increase in the relative
87We focus on changes in occupation wages because to a first-order approximation wkro is equal to changes in average income
of workers employed in occupation o before the shocks.
88In either the open or closed economy, variation in SIro across occupations is generated by variation in Ricardian comparative
advantage of immigrant and native workers across occupations within a region. From the definitions of SIro and pikro ≡ Nkro/Nkr ,















supply of immigrant workers in a region, nIr > nDr , increases the relative wage of domestic workers in a
region, w˜r ≥ 0, and makes all occupations more immigrant intensive. Despite common values of θ, η, and
ρ, variation in Ψnr across regions arises through regional variation in factor allocations and immigrant cost
shares.
Consider two occupations o and o′, where occupation o is immigrant intensive relative to o′ (i.e., SIro > SIro′).
According to (49) and (50), an increase in the relative supply of immigrant workers in region r , nIr > nDr ,
increases the output and decreases the price in o relative to o′. This result follows immediately from
the fact that the occupation wage of immigrant workers relative to domestic workers falls equally in all
occupations.
Occupation revenues, ProQro , are equal to occupation labor payments, denoted by LPro ≡ ∑k WagekroNkro .
We focus on labor payments because they are easier to measure in practice than occupation quantities and
prices. Equations (49) and (50) imply that small changes in aggregate labor supplies NDr and N Ir within an
autarkic region generate changes in relative labor payments across two occupations o and o′ that are given
by,







According to (51), an increase in the relative supply of immigrant workers in region r , nIr > nDr , increases
labor payments in relatively immigrant-intensive occupations if and only if η > 1. Importantly for what
follows, a higher value of the elasticity of substitution across occupations, η, increases the size of relative
output changes and decreases the size of relative price changes. In response to an inflow of immigrants,
nIr > n
D
r , a higher value of η generates a larger increase (or smaller decrease) in labor payments within
immigrant-intensive occupations, as we show in Appendix B.2.
Changes in factor allocation and occupation wages. Infinitesimal changes in aggregate labor supplies NDr
and N Ir within an autarkic region generate changes in relative labor allocations across two occupations o and
o′ that are given by
nkro − nkro′ =
θ + 1
θ + η






and changes in relative occupation wages that are given by











By (52) and (53), an increase in the relative supply of immigrant workers, nIr > nDr (which implies w˜r ≥ 0),
decreases relative employment of type k workers and (for any finite value of θ) occupation wages in the
relatively immigrant-intensive occupation if and only if η < ρ. If η < ρ, we have crowding out: an inflow
of immigrant workers into a region induces factor reallocation away from immigrant-intensive occupations;
if on the the other hand, η > ρ, we have crowding in: an immigrant influx induces factors to move towards
immigrant-intensive occupations.
Labor reallocation between occupations is governed by the extent to which immigration is accommodated
by expanding production of immigrant-intensive occupations or by substituting away from native towards
immigrant workers within each occupation. To provide intuition, consider two special cases. First, in the
limit as η → 0, output ratios across occupations are fixed. The only way to accommodate an increase
in the supply of immigrants is to increase the share of each factor employed in domestic-labor-intensive
occupations (while making each occupation more immigrant intensive). Immigration thus induces crowding
out. Second, in the limit as ρ → 0, factor intensities within each occupation are fixed. To accommodate
immigration, the share of each factor employed in immigrant-intensive occupations must rise (while the
production of immigrant-intensive occupations increases disproportionately). Now, immigration induces
crowding in.89 More generally, a lower value of η− ρ generates more crowding out of (or less crowding into)
immigrant-labor-intensive occupations in response to an increase in regional immigrant labor supply.
Consider next changes in occupation wages. If θ → ∞, then all workers within each k are identical
and indifferent between employment in any occupation. In this knife-edge case, labor reallocates across
occupations without corresponding changes in relative occupation wages within k (taking the limit of (52)
89In the knife-edge case inwhich η = ρ, the immigrant intensity of each occupationmoves one-for-onewith the region’s aggregate
ratio of immigrants to native workers. New immigrants are allocated proportionately across occupations whereas the allocation of
native workers remains unchanged. In Appendix B.2 we solve for the elasticity of factor intensities within each occupation with








. Factor intensities are inelastic if and only if η > ρ (and
unit elastic if η = ρ). Moreover, a higher value of η decreases the responsiveness of domestic relative to immigrant occupation
wages, Ψnr .
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and (53) as θ converges to infinity). The restriction that θ → ∞ thus precludes studying the impact of
immigration (or any other shock) on the relative wage across occupations of domestic or foreign workers.
For any finite value of θ—i.e., anything short of pure worker homogeneity—changes in occupation wages
vary across occupations. It is precisely these changes in occupation wages that induce labor reallocation: in
order to induce workers to switch to occupation o′ from occupation o, the occupation wage must increase in
o′ relative to o, as shown in (53). Hence, factor reallocation translates directly into changes in occupation
wages. Specifically, if occupation o′ is immigrant intensive relative to occupation o, SIro′ > S
I
ro , then an
increase in the relative supply of immigrant labor in region r decreases the occupation wage for domestic
and immigrant labor in occupation o′ relative to occupation o if and only if η < ρ.
Relation to the Rybczynski theorem. Our results on changes in occupation output and prices and on
factor reallocation strictly extend the Rybczynski (1955) theorem.90 In our context, in which occupation
services are produced using immigrant and domestic labor, the theorem states that for any constant-returns-
to-scale production function, if factor supply curves to each occupation are infinitely elastic (θ → ∞
in our model and homogeneous labor in the Rybczynski theorem), there are two occupations (O = 2
in our model), and relative occupation prices are fixed (η → ∞ in our closed-economy model and the
assumption of a small open economy that faces fixed output prices in the Rybczynski theorem), then an
increase in the relative supply of immigrant labor causes a disproportionate “increase” in the output of the
occupation that is intensive in immigrant labor and a disproportionate “decrease” in the output of the other






r , then qr1 > nIr > nDr > qr2; a corollary of this




r > qr2 = n
k
r2 for k = D, I. Under the assumptions of the theorem, factor
intensities are constant in each occupation (as in the case of ρ → 0 discussed above) and factor prices are
independent of factor endowments, and factor-price insensitivity obtains (Feenstra, 2015). Hence, the only
way to accommodate an increase in the supply of immigrants is to increase the share of each factor employed
in the immigrant-intensive occupation. Taking the limit of equation (52) as θ and η both converge to infinity
90Also on relaxing the assumptions underlying Rybczynski, seeWood (2012), who uses a two-country, two-factor, and two-sector
model in which each country produces a differentiated variety within each sector.
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and assuming that O = 2, we obtain

























r1 in the case of two occupations—then we obtain the Rybczynski
theorem and its corollary. In a special case of our model that is, nevertheless, more general than the
assumptions of the Rybczynski theorem, we obtain a simplified version of our results above—immigration
induces crowding in or crowding out depending on a simple comparison of local elasticities—in the absence
of specific functional forms for production functions (see Appendix B.5). Hence, our results extend the
Rybczynski theorem.91
2.3.2 Small open economy
We extend the analysis by allowing region r to trade. To make progress analytically, we impose two
restrictions. We assume that region r is a small open economy, in the sense that it constitutes a negligible
share of exports and absorption in each occupation for each region j , r , and we assume that occupations
are grouped into two sets, O (g) for g = {T, N }, where region r’s export share of occupation output and
import share of occupation absorption are common across all occupations in the set O (g).92 We refer to N
as the set of occupations that produce nontraded services and T as the set of occupations that produce traded
services; all that is required for our analysis is that the latter is more tradable than the former.
The small-open-economy assumption implies that, in response to a shock in region r only, prices and output
elsewhere are unaffected in all occupations: pyjo = pjo = pj = y j = 0 for all j , r and o. As we show
91Acemoglu and Guerrieri (2008) assume that factor supply curves to each occupation are infinitely elastic (θ → ∞ in our
model), there are two occupations (O = 2 in our model), and the elasticity of substitution between factors is one (ρ = 1 in our
model). They show that there is crowding in if η > 1 and crowding out if η < 1. In Appendix B.6, we relate our framework and
results to Grossman and Rossi-Hansberg (2008).
92Our results hold with an arbitrary number of sets. In the empirical analysis, we alter the effective number of sets by varying
the size of occupations of intermediate tradability which are excluded from the analysis (from zero to one-fifth of the total number
of categories). See the Appendix B.8.
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in Appendix B.3, in this case the elasticity of region r’s occupation o output to its price—an elasticity we
denote by ro—is a weighted average of the elasticity of substitution across occupations, η, and the elasticity
across origins, α > η, where the weight on the latter is increasing in the extent to which the services of
an occupation are traded, as measured by the export share of occupation output and the import share of
occupation absorption in region r . Therefore, more traded occupations feature higher elasticities of regional
output to price (and lower sensitivities of regional price to regional output).93
The assumption that the export share of occupation output and the import share of occupation absorption
are each common across all occupations in O (g) in region r implies that the elasticity of regional output to
the regional producer price, ro , is common across all occupations in O (g).94 In a mild abuse of notation,
we denote by rg the elasticity of regional output to the regional producer price for all o ∈ O (g), for
g = {T, N }.
Infinitesimal changes in aggregate labor supplies NDr and N Ir generate changes in occupation outputs, output
prices, labor payments, factor allocations, and wages across pairs of occupations that are either in the set T
or in the set N (i.e. o, o′ ∈ O (g)), which are given by equations (49), (50), (51), (52) and (53) except now η
is replaced by rg .
Changes in occupation quantities, prices, and labor payments. If o, o′ ∈ O (g), then changes in relative
occupation quantities and prices are given by













where, again, the log change in domestic relative to immigrant occupationwages, w˜r ≡ wDro−wIro , is common
across all occupations (both tradable and nontradable). In the extended version of the model in this section we
93In Appendix B.3, we show that the absolute value of the partial own labor demand elasticity at the region-occupation level
is increasing in ro and, therefore, trade shares. This result is related to Rodrik (1997) and Slaughter (2001), who consider how
greater trade openness affects the elasticity of labor demand.
94By assuming that export shares in region r are common across all occupations in O (g) , we are assuming that variation in




respond differently—in terms of quantities, prices, and
employment— to a region r shock.
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do not provide an explicit solution for w˜r ≡ wDro − wIro . However, we assume that conditions on parameters
satisfy the following version of the law of demand: nIr ≥ nDr implies w˜r ≥ 0. The results comparing changes
in occupation output and prices across any two occupations obtained in Section 2.3.1 now hold for any two
occupations within the same set: an increase in the relative supply of immigrant workers, nIr > nDr , increases
the relative output and decreases the relative price of immigrant-intensive occupations. Moreover, we can
compare the differential output and price responses of more to less immigrant-intensive occupations withinT
and N . Because rT > rN , the relative output of immigrant-intensive occupations increases relatively more
within T than within N , whereas the relative price of immigrant-intensive occupations decreases relatively
less in T than in N . Similarly, if o, o′ ∈ O (g), then changes in relative labor payments are given by











Because rT >  rN , relative labor payments to immigrant-intensive occupations increase relatively more
within T than within N in response to an inflow of immigrants.
Changes in factor allocation and occupation wages. If o, o′ ∈ O (g), then changes in relative labor
allocations and occupation wages are given by


















The results comparing changes in allocations across any two occupations obtained in Section 2.3.1 now hold
for any two occupations within the same set: for a given elasticity between domestic and immigrant labor,
ρ, the lower is the elasticity of regional output to the regional producer price, rg , the more that a positive
immigrant labor supply shock causesworkers to crowd out of (equivalently, the less it causesworkers to crowd
into) occupations that are more immigrant intensive. Because rT > rN , we can compare the differential
response of more to less immigrant-intensive occupations in T and N : within T , immigration causes less
crowding out of (or more crowding into) occupations that are more immigrant intensive (compared to the
effect within N). The intuition for the pattern and extent of factor reallocation between any two occupations
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within a given set g = T or g = N is exactly the same as described in the closed economy presented in
Section 2.3.1. On the other hand, the pattern and extent of factor reallocation between T and N depend on
the full set of model parameters.
Similarly, the result comparing changes in wages (for continuing workers) across two occupations obtained
in Section 2.3.1 now holds for any two occupations within the same set. Because rT >  rN , we can
compare the differential response of more to less immigrant-intensive occupations in T and N : within
traded occupations T , immigration decreases occupation wages less (or increases occupation wages more)
in occupations that are more immigrant intensive (compared to the effect within nontraded occupations
N).
2.3.3 Productivity changes
Immigration may also affect productivity (and vice versa). For example, an increase in foreign labor could
result in local congestion externalities (e.g., Saiz, 2007), thereby reducing productivity, local agglomeration
externalities (e.g., Kerr and Lincoln, 2010), thereby increasing productivity, or lower incentives for firms
to adopt labor-saving technologies (e.g., Lewis, 2011), thereby affecting industry labor productivity. And
these productivity effects may disproportionately affect manufacturing or tradables, as shown by Peters
(2017).95
The results in Sections 2.3.1 and 2.3.2 extend to the case in which both labor supply, N Ir and NDr , and
productivity, Aro , change. In general, whether in a closed or small open economy, the equations determining
changes in occupation quatities, prices, labor payments, factor allocations, and wages remain unchanged,
except for the inclusion of an additional additively separable term in aro − aro′ (see Appendices B.2 and
B.3).96 All else equal, an increase in the relative productivity of occupation o within group g increases
occupation o labor payments, the share of factor k allocated to occupation o, and the occupation o wage if
and only if rg (or η in the closed economy) is greater than one.
95See Clemens et al. (2018) on the endogenous response of industry production technology to immigration in the case of U.S.
agriculture following the end of the Bracero Program.
96We continue to assume that parameters are such that a relative increase in immigrant labor reduces the relative wage of
immigrants. This requires that any resulting productivity growth is not too biased towards (away from) immigrant-intensive
occupations if rg > 1 (rg < 1).
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Under the assumption that productivity changes are common within g—that is, aro = aro′ for all o, o′ ∈
O(g)—none of our theoretical results changes qualitatively. This is an important observation, since much
previous empirical work focuses on differential impacts of immigration on a tradables aggregate versus
a nontradables aggregate—with the important exception of Cortes (2008)—and emphasizes the average
response within tradables versus the average response within non-tradables of wages (e.g., Dustmann and
Glitz, 2015) and/or allocations (e.g., Peters, 2017). In the context of our model, the assumptions embodied
in previous work can be formalized as imposing common factor intensities and productivity growth rates
across occupations within tradables and, separately, within nontradables: Sro = Sro′ and aro = aro′
for all o, o′ ∈ O(g). In this case, the variation within tradables and within non-tradables on which we
focus is assumed away (i.e., relative changes across occupations within g are zero) and the remaining
variation—across an aggregate T and an aggregate N—is not related to the Rybczynski-style mechanisms
on which our analytic results and empirical exercises focus. Nevertheless, because our model incorporates
this across T and N variation, we will control for it using a model-consistent approach in our empirical
strategy.
2.4 Empirical Analysis
Guided by our theoretical model, we aim to study the impact of immigration on labor market outcomes at
the occupation level in U.S. regional economies. We begin by showing how to convert our analytical results
on labor market adjustment to immigration into estimating equations. We then turn to an instrumentation
strategy for changes in immigrant labor supply, discussion of data used in the analysis, and presentation of
our empirical findings.
Our analytical results include predictions for how occupational labor allocations, total labor payments, and
wages adjust to immigration. The impact of an influx of foreign labor on an occupation depends on a triple
interaction: the magnitude of the overall regional labor inflow (nIr ), the immigrant employment intensity of
the occupation in the base year (SIro), and the tradability of tasks performed by workers in the occupation
(o ∈ O(g) for g = T, N). The IV strategy that we develop targets this interaction term. As discussed
in Section 2.2.2, measuring changes in occupation-level wages is difficult because changes in observable
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wages reflect both changes in occupation wages and self-selection of workers across occupations according
to unobserved worker productivity. Correspondingly, we begin this section with the more straightforward
analysis of immigration impacts on occupational labor allocations and labor payments, before turning to
address wages.
2.4.1 Specifications for Labor Allocations and Labor Payments
The version of equation (55) that incorporates changes in productivity (equation (125) in Appendix B.3)
provides a strategy for estimating the impact of immigration on changes in the regional allocation of native-















aro for all o ∈ O (g) ,
where α˜Drg is a fixed effect specific to region r and the group (i.e., tradable, nontradable) to which occupation
o belongs. If the only shock in region r between time t0 and t1 > t0 is to the supply of immigrants, nIr , and if
changes in native factor supply, nDr , and occupation productivity, aro , are arbitrary region- and time-specific
functions of changes in immigrant supply, then w˜r = ψrnIr , where we assume that parameter values satisfy
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is a linear function of the deviation of the productivity change for
occupation o in region r , aro , from the average productivity change across occupations in the same group g





r xro + β
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Nr Io (N ) xro + ν
D
ro , (57)
where xro = SIronIr is the immigration shock to occupation o in region r (i.e., the immigrant cost share of
occupation o at time t0, SIro , times the percentage change in the overall supply of immigrant workers in region
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r , nIr ), and Io (N ) equals one if occupation o is nontradable.97 The structure of our model maps region-level
changes in immigrant labor supplies into region-occupation-specific shocks, via the initial intensity of the
region-occupation in immigrant labor interacted with the tradability of the occupation.98
From section 2.3.2, we know that βDr < 0 in (57) if and only if rT < ρ (the price elasticity of regional
output in tradables is less than the elasticity of substitution between native- and foreign-born labor within
occupations). If νDro is uncorrelatedwith xro within each g, then thiswould imply crowding out of native-born
workers by immigrant labor in tradables: in response to an inflow of immigrants into region r , native-born
employment in tradable occupations with higher immigrant cost shares contracts (on average) relative to
those with lower immigrant cost shares. Similarly, we know that βDr + βDNr < 0 in (57) if and only if rN < ρ
(where rN is the price elasticity of regional output in nontradables). If νDro is uncorrelated with xro within
each g, then this would imply crowding out in nontradables. Finally, a value of βDNr < 0 is equivalent to
rT > rN (the price elasticity of regional output is higher in tradables than in nontradables). If νDro is
uncorrelated with xro within each g, then crowding out is stronger in nontradables than in tradables: in
response to an immigrant inflow, native-born employment in nontradables contracts more (or expands less)
on average in occupations with high relative to low immigrant cost shares compared to tradables.
The version of equation (54) in Appendix B.3 that incorporates changes in productivity generates the
corresponding specification for occupation labor payments,
lpro = αrg + γr xro + γNr Io (N ) xro + νro , (58)
97As we discuss in Appendix B.12, a logic similar to that underlying (57) applies to how an immigrant inflow affects the
allocation of foreign-born workers across occupations. In Appendix B.12, we present results on the immigrant-employment
allocation regressions that are the counterparts to (60) and Table 2.1 below. As with our findings on the allocation of native-born
workers, the results on how immigration affects the allocation of foreign-born workers across occupations are consistent with our
framework.
98It is worth noting that the structural relationship in (57) does not imply that the immigrant influx raises immigrant employment
shares in immigrant-intensive occupations. Indeed, the labor inflow may cause these shares to differentially rise or fall in more
relative to less immigrant-intensive jobs. Accordingly, our measure of the shock in (57) is not the (endogenous) change in immigrant
employment in an occupation, but rather the region-level immigrant influx interacted with the initial occupation immigrant-
employment intensity. What our model does imply is that the immigration shock is correlated with changes in occupation prices
(where this correlation is more negative within nontradables than within tradables), occupation output (where this correlation is
more positive within tradables than within nontradables), and occupation total revenue (where this correlation is more positive
within tradables than within nontradables).
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where the left-hand side of (58) is the log change in total labor payments for occupation o in region r , αrg is a
fixed effect specific to region r and the group (i.e., tradable, nontradable) to which occupation o belongs, and
νro is a linear function of the deviation in productivity change for occupation o in region r from the average
productivity change across occupations in the same group and region. From Section 2.3.2, we know that a
value of γr > 0 in (58) implies that rT > 1, and a value of γNr < 0 implies that rT >  rN . Therefore, an
estimate of γNr < 0 provides a means of establishing that the price elasticity of output is large in tradables
relative to nontradables, in addition to the test of whether crowding out is stronger in nontradables than in
tradables, βDNr < 0. In Section 2.5, we show that γNr < 0 is inconsistent with another force that can generate
βDNr < 0 in our model (namely, that substitutability of immigrant and native workers is relatively weak in
tradables).
To apply (57) and (58) empirically, we must address issues suppressed in the theory but likely to matter
in estimation. By doing so, we move from structural regressions in our analytical model to reduced-form
regressions that are motivated by our model but that do not identify structural parameters; in our quantitative
analysis we will calibrate parameter values by running the same non-structural regressions in data generated
by our extended model (in which we also relax the assumptions imposed in Section 2.3).
First, by focusing on a small open economy, we abstract from occupation shocks at the national level (e.g.,
economy-wide changes in technology or demand). To allow for these, we incorporate occupation fixed effects
into the estimation. Second, by abstracting away from observable differences in worker skill, we assume that
all workers, regardless of education level, draw their occupational productivities from the same distribution
within each k = D, I; this implies that the pattern of native comparative advantage across occupations is
fixed over time, in spite of large changes in native educational attainment. In our extended model in Section
2.5 we allow for heterogeneous patterns of comparative advantage across education groups both for natives
and immigrants. In our reduced-form empirical exercises, we capture this as follows. For natives, we
estimate (57) by education group (while estimating (58) for all education groups combined, consistent with










where N Ire is the population of immigrants with education e within region r in period t0, ∆N Ire is the change
in this population between t0 and t1, and SIreo is the share of total labor payments in occupation o and region
r that goes to immigrants with education e in period t0.99 In (59), we specify the exposure of a region-
occupation to an immigrant influx as a function of the education-group-specific change in immigrant labor
supplies and the initial education-group- and occupation-group-specific cost shares for immigrants.100
Summarizing the above discussion, regression specifications for changes in native-born employment and
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lpro = αrg + αo + γxro + γN Io (N ) xro + νro , (61)
where nDro is the log change in employment for native-born workers (disaggregated by education group) for
occupation o in region r , lpro is the log change in labor payments for occupation o in region r (across all
education groups and including both foreign- and native-born workers), we define xro using (59), and we
incorporate occupation fixed effects, αDo and αo .101 In (60) and (61) we impose common impact coefficients
βD , βDN , γ, and γN , such that the estimates of these values are averages of their corresponding region-specific
values (βDr , βDNr , γ, γN ) in (57) and (58). When estimating (60) and (61), we weight by the number of
native-born workers employed or total labor payments within r , o in period t0.
The regression in (60) allows us to estimate whether immigrant flows into a region induce on average
crowding out or crowding in of domestic workers in relatively immigrant-intensive occupations separately
within tradable and within nontradable occupations, thereby allowing us to test whether crowding-out is
weaker (or crowding-in is stronger) in tradable relative to nontradable jobs. The regression in (61) allows
99With only one education group, the only difference between SIronIr and xro is the use of log changes versus percentage
changes, which makes little difference for our results.
100Consistent with Peri and Sparber (2011b) and Dustmann et al. (2013), we allow foreign- and native-born workers with similar
education levels to differ in how they match to occupations.
101Since the immigration shock in (59) is normalized by initial population levels (and not current values), the specification in (60)
avoids concerns over division bias (Peri and Sparber, 2011a). And since we estimate (60) by education group, the occupation fixed
effects control for national changes in the demand for skill that vary across occupations (due, e.g., to occupation-specific changes in
preferences or technology).
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us to estimate whether immigrant flows into a region induce on average an increase or decrease in labor
payments in relatively immigrant-intensive occupations separately within tradable and within nontradable
occupations. This allows us to assess the mechanism in our model that generates differential crowding out
within tradable and nontradable occupations, which is that quantities are more responsive and prices less
responsive to local factor supply shocks in tradable than nontradable activities.
2.4.2 An instrumental variables approach
In the theory, we allow for variation in both immigrant inflows and changes in occupation productivity;
our objective in the empirical analysis is to identify the causal effect of an immigrant influx on native
allocations across occupations and on occupation labor payments. Interpreted through the lens of our model,
the error terms in (60) and (61) are deviations for occupation o from the average change in productivity or
demand both (i) across occupations in the same group g in region r , and (ii) within occupation o across all
commuting zones. In the estimation, these unobserved shocks to productivity or demand may affect both
the employment and wages of native-born workers and the attractiveness of a region to immigrant labor.
Consider region r that attracts high-education immigrants between periods t0 and t1. This region will have
a higher value of xro , which by construction is mechanically higher in occupations that are intensive in
high-education immigrants. The overall regional inflow of high-education immigrants, ∆N Ire , which is one
component of xro , may have been induced in part by region-and-occupation-specific demand or productivity
shocks (demeaned at the region-group level and at the national-occupation level), implying that xro may be
correlated with νDro in (60) and with νro in (61). Measurement error in xro may also be an issue, given small
sample sizes for workers in some occupation-region cells.
To identify the causal impact of immigrant inflows to a region on native outcomes, we follow Altonji and















Here, ∆N−res is the net immigrant inflow in the U.S. (excluding region r) from immigrant-source-region s
and with education e between t0 and t1, and fres is the share of immigrants from source s with education e
who lived in region r in period t0.102 We allow immigrants with different education and sources to vary in
their spatial allocation, and allow immigrants with different education levels within a region to vary in their
occupational allocation.
The Card instrument, while widely used, is subject to criticism. One is that it may be invalid if regional
labor-demand shocks persist over time (Borjas et al., 1997). Helpfully, this concern is less pressing in our
context. In (60) and (61) we identify the parameters β, βN , γ, and γN using variation across occupations
within regions in the change in employment or labor payments. By including region-group fixed effects
(αDrg , αrg) in regressions in which the dependent variable is a long-period change, we control for time trends
that are specific both to the region (r) and to tradable or nontradable occupations as a group (g). Our analysis
is thereby immune to region, occupation-group specific innovations that may drive immigration, such as
long-run shocks to aggregate regional productivity or amenities.103 The extended time period of our analysis,
which uses time differences over the three decade period of 1980 to 2012, helps address further concerns that
results based on the Card instrument may conflate short-run and long-run impacts of immigration (Jaeger
et al., 2018).
102Regarding measurement error, small cell sizes in Ipums data may imply that the immigrant cost share SIreo used to construct
xro may be subject to sampling variation. In Appendix B.8, we report results using values of SIreo averaged over the initial sample
year (1980) and the preceding time period (1970), to help attenuate classical measurement error. The coefficient estimates are very
similar to our main results.
103A remaining concern is possible correlation between innovations to employment or labor payments (νDro , νro ) and the initial
share of immigrants in region-occupation labor payments (SIreo ), which is used in the instrument in (62) and which may occur if the
region-occupations that experience larger subsequent native employment growth are ones in which immigrants were initially more
concentrated. To address this threat to identification, in Appendix B.8 we construct the instrument in (62) by replacing SIreo with
SI−reo , which is the share of immigrant workers in labor payments for occupation o and education group e in the U.S., excluding
region r . Results again are qualitatively similar to those we report below.
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2.4.3 Data
In our baseline analysis, we study changes in labor-market outcomes between 1980 and 2012. In sensitivity
analysis, we use 1990 and 2007 as alternative start and end years, respectively. All data, except for occupation
tradability, come from the Integrated Public Use Micro Samples (Ipums; Ruggles et al., 2015). For 1980
and 1990, we use 5% Census samples; for 2012, we use the combined 2011, 2012, and 2013 1% American
Community Survey samples. Our sample includes individuals who were between ages 16 and 64 in the
year preceding the survey. Residents of group quarters are dropped. Our concept of local labor markets is
commuting zones (CZs), as developed by Tolbert and Sizer (1996) and applied by Autor and Dorn (2013).
Each CZ is a cluster of counties characterized by strong commuting ties within and weak commuting ties
across zones. There are 722 CZs in the mainland U.S.
For our first dependent variable, the log change in native-born employment for an occupation in a CZ shown
in (60), we consider two education groups: high-education workers are those with a college degree (or
four years of college) or more, whereas low-education workers are those without a college degree. These
education groups may seem rather aggregate. However, note that in (60) the unit of observation is the region
and occupation, where our 50 occupational groups already entail considerable skill-level specificity (e.g.,
computer scientists versus textile-machine operators).104 We measure domestic employment as total hours
worked by native-born individuals in full-time-equivalent units (for an education group in an occupation
in a CZ) and use the log change in this value as our first regressand. We measure our second dependent
variable, the change in total labor payments, as the log change in total wages and salaries in an occupation
in a commuting zone.
We define immigrants as those born outside of the U.S. and not born to U.S. citizens.105 The aggregate share
of immigrants in hours worked in our sample rises from 6.6% in 1980 to 16.8% in 2012.106 We construct
104We simplify the analysis by including two education groups of native-born workers. Because the divide in occupational sorting
is sharpest between college-educated and all other workers, we include the some-college group with lower-education workers.
Whereas workers with a high-school education or less tend to work in similar occupations, the some-college group may seem overly
skilled to fit in this category. Reassuringly, results are very similar if we exclude some-college workers from the low-education
group.
105We obtain qualitatively similar findings (in unreported analysis) using an alternative definition of immigrant status in which
we exclude foreign-born workers who moved to the U.S. before the age of 18.
106Because we use data from the Census and ACS (which seek to be representative of the entire resident population, whether in
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the occupation-and-CZ-specific immigration shock in (60) and (61), xro , defined in (59), as the percentage
growth in the number of working-age immigrants for an education group in CZ r times the initial-period
share of foreign-born workers in that education group in total earnings for occupation o in CZ r , where this
product is then summed over education groups. In constructing our instrument shown in equation (62), we
consider three education groups and 12 source regions for immigrants.107
Our baseline data include 50 occupations (see Table B.1 in Appendix B.7).108 We measure occupation
tradability using the Blinder and Krueger (2013) measure of “offshorability,” which is based on professional
coders’ assessments of the ease with which each occupation could be offshored. Goos et al. (2014) provide
evidence supporting this measure. They construct an index of actual offshoring by occupation using the
European RestructuringMonitor and find that it is strongly and positively correlated with the Blinder-Krueger
measure.109 We group occupations into more and less tradable categories using the median so that there
are 25 tradable and 25 nontradable entries (see Table B.2 in Appendix B.7). The most tradable occupations
include fabricators, financial-record processors, mathematicians and computer scientists, and textile-machine
operators; the least tradable include firefighters, health assessors, therapists, and vehicle mechanics.
In TableB.3 inAppendixB.7, we compare the characteristics ofworkers employed in tradable and nontradable
occupations. Whereas the two groups are similar in terms of the shares of employment of workers with
a college education, by age and racial group, and in communication-intensive occupations (see, e.g., Peri
and Sparber, 2009), tradable occupations do have relatively high shares of employment of male workers and
the U.S. legally or not), undocumented immigrants will be included to the extent that are captured by these surveys. An additional
concern is that the matching of immigrants to occupations may differ for individuals who arrived in the U.S. as children (and
attended U.S. schools) and those who arrived in the U.S. as adults. In Appendix B.8, we report results limiting immigrants to those
who arrived in the U.S. at age 18 or above. Our results are substantially unchanged.
107The education groups are less than a high-school education, high-school graduates and those with some college, and college
graduates. Relative to native-born workers, we create a third education category of less-than-high-school completed for foreign-born
workers, given the preponderance of undocumented immigrants in this group (and the much larger proportional size of the less-
than-high-school educated among immigrants relative to natives). The source regions for immigrants are Africa, Canada, Central
and South America, China, Eastern Europe and Russia, India, Mexico, East Asia (excluding China), Middle East and South and
Southeast Asia (excluding India), Oceania, Western Europe, and all other countries.
108We begin with the 69 occupations from the 1990 Census occupational classification system and aggregate up to 50 to concord
to David Dorn’s categorization (http://www.ddorn.net/) and to combine small occupations that are similar in education profile and
tradability but whose size complicates measurement.
109Given limited data on intra-country trade flows in occupation services, we use measures of offshorability at the national level
to capture tradability at the regional level, a correspondence which is imperfect. We demonstrate that our results are robust to using
alternative cutoffs regarding which occupations are designated as tradable and to defining tradability across industries rather than
across occupations.
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workers in routine- and abstract-reasoning-intensive jobs. High male and routine-task intensity arise because
tradable occupations are strongly overrepresented in manufacturing. In robustness checks, we use alternative
cutoffs for which occupations are tradable and which are nontradable; drop workers in routine-task-intensive
jobs, in which pressures for labor-saving technological change has been particularly strong (Lewis, 2011;
Autor and Dorn, 2013); and drop workers in communication-task-intensive jobs, in which native workers
may be less exposed to immigration shocks Peri and Sparber (2009). In further checks, we use industries
in place of occupations, categorizing tradable industries to include agriculture, manufacturing, and mining,
and nontradable industries to include services.110
To provide context for our analysis of adjustment to immigration across occuptions within tradables versus
within nontradables in the estimation of (60) and (61), we compare here, over our 1980 to 2012 time period,
the unconditional changes in employment shares across occupations within T and across occupations within
N . The median absolute log employment change for occupations is 0.59 in nontradables, as compared to
0.65 in tradables.111 Although these unconditional changes do not account for differences in the magnitude
of shocks affecting occupations in the two groups, the higher variability of employment changes within T
when compared to within N suggests that overall adjustment is no less sluggish among tradable jobs than
among nontradable jobs.112
Our later analysis of changes in wages requires measures of wages by occupation, education group, and CZ.
To obtain these, we first regress log hourly earnings of native-born workers in each year on a gender dummy,
a race dummy, a categorical variable for 10 levels of education attainment, a quartic in years of potential
experience, and all pair-wise interactions of these values (where regressions are weighted by annual hours
110Alternative categorizations of industry tradability include Mian and Sufi (2014), who measure tradability according to
geographic Herfindahl-Hirschman Indexes, following the logic that more geographically concentrated industries are likely to be
more tradable. Relative to our approach, HHIs have the appealling property of designating some services as tradable (e.g., finance
and insurance), but the unappealling property of designating some obviously tradable goods as nontradable (e.g., agriculture, food
products, lumber, metal products, mining, non-metallic minerals, paper products, plastics). Nevertheless, we find qualitatively
similar results using our designation of industry tradability (see Appendix B.8) and in unreported results in which we define tradable
(nontradable) industries as those with above (below) median HHIs.
111If we instead examine the mean absolute log employment change (weighted by initial occupation employment shares), the
corresponding values are 0.45 for nontradables and 0.48 for tradables.
112This observation poses a challenge to an alternative explanation for the greater immigrant displacement of natives within N
versus within T : that costs to switching occupations are higher (or, more generally, that the occupation supply elasticity is lower) in
T than in N . If this were the case, one would expect, all else equal, employment changes across occupations within T to be smaller
than those across occupations within N . Yet, in the data we observe the opposite.
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worked times the sampling weight). We take the residuals from this Mincerian regression and calculate
the sampling weight and hours-weighted average value for native-born workers for an education group in
a CZ (or for an occupation-education group in a CZ). Finally, we use these values to calculate changes in
education-level wages in each CZ (or in each occupation-CZ).
2.4.4 Empirical Results on Labor Allocations and Labor Payments
The specification for the impact of immigration on the allocation of native-born workers across occupations
within CZs is given in (60). We run all regressions separately for the low-education group (some college or
less) and the high-education group (college education or more). The dependent variable is the log change in
CZ employment (hours worked) of native-born workers in an occupation and the independent variables are
the CZ immigration shock to the occupation, shown in (59), this value interacted with a dummy for whether
the occupation is nontraded, and dummies for the occupation and the CZ-occupation group. Regressions
are weighted by the initial number of native-born workers (by education) employed in the occupation in the
CZ, and standard errors are clustered by state. We instrument for the immigration shock using the value in
(62), where we disaggregate the sum in specifying the instrument, such that we have three instruments per
endogenous variable.
Table 2.1 presents results for equation (60). In the upper panel, we exclude the interaction term for the
immigration shock and the nontraded dummy, such that we estimate a common impact coefficient across
occupations; in the lower panel we incorporate this interaction and allow the immigration shock to have
differential effects on tradable and nontradable occupations. For low-education workers, column (1a) reports
OLS results, column (2a) reports 2SLS results, and column (3a) reports reduced-form results in which we
replace the immigration shock with the instrument in (62), a pattern we repeat for high-education workers.
In the upper panel, all coefficients are negative: on average the arrival of immigrant workers in a CZ crowds
out native-born workers at the occupational level. The impact coefficient on xro is larger in absolute value
for high-education workers than for low-education workers, suggesting that crowding out is stronger for the
more-skilled.
In the lower panel of Table 2.1, we add the interaction term between the immigration shock and an indicator for
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whether the occupation is nontraded, as in (60), which allows for differences in crowding out within tradables
and within nontradables. There is a clear delineation between these two groups. In tradable occupations,
the impact coefficient is close to zero (0.009 for low-education workers, −0.03 for high-education workers)
with narrow confidence intervals. The arrival of immigrant workers crowds native-born workers neither out
of nor into tradable jobs. In nontradable occupations, by contrast, the impact coefficient—the sum of the
coefficients on xro and the xroIo (N ) interaction—is strongly negative. For both low- and high-education
workers, in either the 2SLS or the reduced-form regression, we reject the hypothesis that this coefficient sum
is zero at a 1% significance level. In nontradables, an influx of immigrant workers crowds out native-born
workers. These results are consistent with our theoretical model, in which the crowding-out effects of
immigration are stronger within nontradable versus within tradable jobs.
Because the immigration exposure measure, xro , is the interaction between the immigrant inflow into a CZ
and the initial immigrant intensity of an occupation and because we allow this term to matter differentially for
tradable and for nontradable occupations, interpretating coefficient magnitudes for the variable requires some
guidance. Here, we rely our analytic results. Consider the impact of the inflow of immigrants between 1980
and 2012 into high-immigration Los Angeles on two occupations within nontradables, a high-immigrant
intensity activity, private household services with xro = 0.71, and a low immigrant-intensive activity,
firefighting with xro = 0.06, such that the difference in their occupation exposure is 0.65. Our results indicate
that for personal services relative to firefighting, we would see a 0.20 = 0.65 × 0.30 differential log point
employment reduction for low-education natives and a 0.24 = 0.65× 0.37 differential log point employment
reduction for high-education natives. When comparing native employment changes for occupations by
immigrant intensity in tradables, however, we would observe much smaller differences. Because the 2SLS
coefficient on immigration exposure in column (2b) of Table 2.1 is a reasonably precisely estimated zero,
our results indicate that we would detect no differential domestic employment changes between any pair of
tradable occupations, either in Los Angeles or elsewhere.113 Note that these coefficients do not address the
effect of immigration on tradable or nontradable aggregates (e.g., employment or wages), which is the focus
113Given a value of θ+1—which is the elasticity of occupation wages to factor allocation, as shown in equation (56) and which we
set at 2 in our quantitative model in Section 2.5—our theory allows us to use these results to interpret wage implications. Specifically,
our results indicate that we would detect a .10 = 0.20/2 and a 0.12 = 0.24/2 log point reduction in domestic low-education and
high-education wages in personal services relative to electronic repairers in Los Angeles but no differential domestic wage changes
between any two tradable occupations in Los Angeles or elsewhere.
93
of much previous literature.
These results highlight a new source of exposure to the labor market consequences of immigration. The
combination of living in a high immigration region (e.g., Los Angeles) and having a proclivity to work
in immigrant-intensive nontradable jobs (e.g., personal services) leaves one relatively exposed to foreign
labor inflows, whereas living in the same CZ but having a proclivity to work either in tradable jobs or in
nontradable jobs that attract few immigrants leaves one comparatively less exposed. In Section 2.6, we will
use our quantiative framework to interpret these coefficients, in a generalized model and without imposing
the restrictions we make in Section 2.3, to determine the welfare consequences of differential exposure to
immigration, and to solve for wage effects across (rather than within) CZs.
The specification for the log change in total labor payments in (61) provides support for the mechanism
underlying differential immigrant crowding out of native-born workers in tradables versus nontradables. In
Table 2.2, we report estimates of γ, which is the coefficient on the immigration shock, xro , and γN , which
is the coefficient on the immigration shock interacted with the nontradable-occupation dummy, Io (N ) xro .
In all specifications, the coefficient on xro is positive and precisely estimated, which is consistent with
the elasticity of local output to local prices in tradables being larger than one (rT > 1). Similarly, in all
specifications the coefficient on Io (N ) xro is negative and highly significant, which implies that immigrant
crowding out of natives is stronger within nontradables than within tradables (i.e., rT > rN ), which is
consistent with the results in Table 2.1.
Together, the results in Tables 2.1 and 2.2 verify both differential crowding out within tradables versus within
nontradables and the key mechanism in our model through which this difference is achieved. In our model
the arrival of immigrant labor results in an expansion in output and a decline in prices of immigrant-intensive
tasks both within tradables and within nontradables. Compared to nontradables, however, adjustment in
tradables occurs more through output changes than through price changes. Consequently, revenues and labor
payments of immigrant-intensive occupations increase by more within tradable than within nontradable jobs,
as does native employment. Consistent with this logic, Tables 2.1 and 2.2 show that, within tradables, an
immigration shock generates null effects on native employment and an expansion in total labor payments for
immigrant-intensive activities. In contrast, within nontradables, the immigration shock has a negative impact
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on native employment and no change in labor payments in more immigrant-intensive occupations.
Robustness. The results in Tables 2.1 and 2.2 embody assumptions about instrument validity, which activities
are nontradable and which are tradable, and the relevant time period for the analysis. In Appendix B.8, we
present results for alternative specifications in which we examine the importance of these assumptions.
Beginning with instrument validity, one concern about our estimation is that, by virtue of using a variant of
the Card (2001) instrument, we are subject to the Borjas et al. (1997) critique that regional immigrant inflows
are the result of secular trends in regional employment growth, which could complicate using past immigrant
settlement patterns to isolate exogenous sources of variation in future regional immigrant inflows. To
examine the relevance of this critique for our analysis, we check whether our results are driven by pre-trends
in occupational employment adjustment patterns. We repeat the estimation of (60), but nowwith a dependent
variable that is defined as the change in the occupational employment of native workers over the 1950-1980
period, while keeping the immigration shock defined over the 1980-2012 period. This exercise allows us
to assess whether future changes in immigration predict past changes in native employment, which would
indicate the presence of confounding long-run regional-occupational employment trends in the data. These
exercises, discussed in more detail in the Appendix, reveal no evidence that current impacts of immigration
on native-born employment are merely a continuation of past employment adjustment patterns. We further
examine the sensitivity of our estimates to constructing instruments using means of long lags of immigrant
region-occupation cost shares (see note 102) or these cost shares measured excluding the region-occupation
on which an observation is based (see note 103), also with little impact on our results.
In the regressions in Table 2.1, we divide occupations into equal-sized groups of tradables and nontradables.
In Appendix B.8, we explore alternative assumptions about which occupations are tradable and which are not
(and alternative aggregation schemes for the 50 occupations in our sample). The corresponding regression
results are very similar to those in Table 2.1. Results are also similar, as reported in the Appendix, when
we redo the analysis for region-industries, rather than for region-occupations, and identify the tradability
of industries as discussed in Section 2.4.3. Immigration induces crowding out of native-born employment
in nontradable industries but not in tradable industries (while βN in (60) is always less than zero, it is
significant in 2SLS and reduced-form regressions for high-education natives but not for low-education
natives), while leading to a greater expansion of labor payments in immigrant-intensive occupations in
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tradable than in nontradable industries (where γN in (61) is significantly negative in all specifications). We
also experiment with changing the end year for the analysis from 2012 to 2007, which falls before the onset
of the Great Recession. Using this earlier end year yields results similar to our baseline sample period of
strong immigrant crowding out of native-born workers in nontradable occupations and no crowding out in
tradable occupations. When we alternatively change the start year from 1980 to 1990, the crowding-out
effect weakens for low-education workers in nontradables, but remains strong for high-education workers in
nontradables.114
Finally, we verify that our results are unaffected by dropping routine- or communication-intensive occupa-
tions, to address concerns over the confounding effects of skill-biased technical change and the language-
based adjustment mechanisms discussed in Peri and Sparber (2009); and the largest commuting zones,
for which concerns about reverse causality from local labor demand shocks to immigrant inflows may be
strongest.
2.4.5 Wage Changes for Native-born Workers
Our analytical results predict how occupation wages per efficiency unit of native-born workers adjust to an
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following the same steps—incorporating occupation fixed effects, imposing common slope parameters
across regions, and measuring xro using (59)—that led from equation (55) to regression specification (60).
A positive value of χD would imply that an inflow of immigrants raises native occupation wages in more
relative to less immigrant-intensive occupations within tradables, while a negative value of χDN would imply
that the impact of an inflow of immigrants on wages in immigrant-intensive native occupation is less positive
(or more negative) within nontradables than within tradables.
114Variation in parameter estimates across time periods should not be surprising. In (57), these parameters are functions of output
price elasticities and embodied native labor-supply and productivity elasticities; they will vary across time periods to the extent that
trade shares or the component elasticities vary.
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In the data we observe not changes in wages per efficiency unit at the occupation level, wDro , but rather
changes in average wages by occupation, wageDro . Under crowding out, an immigrant influx would tend
to drive down the wage per efficiency unit in more-immigrant-intensive occupations and also to drive out
native-born workers whose unobserved characteristics give them relatively low productivity in these jobs.
Absent knowledge of the distribution of worker productivity draws, the relative importance of these two
forces is ambiguous, which complicates analysis of observed changes in occupation-level wages.115
As a solution to the unobservability of occupation-level changes in wages per efficiency unit, we derive an
estimating equation that allows us to use observed changes in average wages (across education groups) at
the region level to infer indirectly the model’s predictions for occupation-level wage changes, χD and χDN .
Log-linearizing the average wage change of native workers in region r and taking into account that occupation







The change in average wages across workers in a region is an average of changes in occupation wages
weighted by initial employment shares. In our extended model of Section 2.5.1, in which there are multiple







where wageDre is the change in average wages of native workers with education e in region r and piDreo is the
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115With a Fréchet-distribution of idiosyncratic productivity draws, these two forces exactly balance out, implying that changes
in average wages are equal across occupations within a region for natives. In Appendix B.9, we discuss estimation results for the
impact of immigration on region-occupation wages and their possible implications for the distribution of worker productivity.
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We estimate (65) proxying for region-group time trends α˜Drg (which cannot be identified since there are as
many parameters as observations) using γg x¯rg + ζr for g = T, N , where x¯rg is the simple average value of
xrg in region r across occupations in group g.116
We present regression results for equation (65) in Table 2.3. The coefficient on the term
∑
xroIo (N ) piDreo ,
which captures the differential impact of immigration on changes in regional education-group average wages
in nontradable compared to tradable occupations, is negative and precisely estimated in both 2SLS and
reduced-form specifications.117 This finding is consistent with immigrant crowding out of native-born
workers within nontradables being stronger than within tradables. For tradable occupations, by contrast,
the coefficient on the term
∑
xropiDreo is positive and precisely estimated in the reduced-form and 2SLS
specifications. Consistent with the employment-allocation regressions—in which crowding out is stronger
in nontradable than in tradable occupations—the negative impact of immigration on regional wages appears
to work more strongly through nontradables than through tradables. However, the positive coefficient on
the tradable component of the immigration shock in the wage regressions is distinct from the employment
regressions in which there are null effects of immigration on crowding out (in) of the native-born.
The wage specifications in Table 2.3 are roughly analogous to the voluminous literature that takes a cross-
area-study approach to estimating immigration wage effects, which tends to find null or small negative
impacts of local-area immigrant inflows on wages for the native born (see, e.g., Blau andMackie, 2016). Our
specification differs in important respects from commonly estimated regressions, which do not distinguish
shocks within tradable versus within nontradable occupations, as we do above by aggregating earning shocks
across occupations into the O(T ) and O(N ) sets. In Appendix B.9, we contrast our method with the common
approach of assuming a single aggregate production sector, by estimating a regression for region-education-
group wage changes in which the immigration shock is specified at the region-education-group level, without
allowing for differential adjustment withinT versus within N . Consistent with the literature, this specification
116In Appendix B.11 we use data generated by our extended model of Section 2.5.2 to verify that there is a tight link between
estimates of χD and χDN based on equations (63) and (65), and that the coefficients of the wage regression, the χs, are roughly
equal to 1/ (θ + 1) times the coefficients of the allocation regression, the βs, as implied by our analytic expression (53).




xro Io (N ) piDreo
, x¯rT
∑
o∈O(T ) piDreo , and x¯rN
∑
o∈O(N ) piDreo—using instruments for xro ’s as defined in (62). We first instrument x¯rg by
calculating the simple averages of the instrument x∗ro across occupations within g = T, N . We then replace xro , x¯rN, , and x¯rT in
the four endogenous variables with their corresponding instruments to construct the instruments used in the 2SLS and reduced-form
regressions.
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yields a negative but small and insignificant effect of immigration on earnings. These findings highlight
how the correlation between earnings and immigrant-driven labor supply shocks in the aggregate may hide
substantial variation across occupations in the impact of these shocks, as well as differential adjustment
within tradable and nontradable activities.
Summary. The empirical results show that, in line with our theoretical model, there are differences in adjust-
ment to labor supply shocks across occupations within tradables and within nontradables. The allocation and
wage regressions are consistent with immigrant crowding out of native-born workers within nontradables
(rN < ρ) and with less crowding out within tradables (rN < rT ). Whereas the allocation regression is
consistent with neither crowding in nor crowding out within tradables (rT ≈ ρ), the average wage regression
is consistent with crowding in within tradables (rT > ρ). We identify a new source of worker exposure
to immigration—variation in the proclivity to work in nontradable immigrant-intensive occupations in high
immigration regions—which is not present in previous work.
2.5 A Quantitative Framework
We next present an extended quantitative model, in which we impose less restrictive assumptions than
in Section 2.3 (large shocks, large open economies, multiple labor skill groups, geographic mobility of
native and immigrant workers), provide structural interpretations of our reduced-form empirical estimates,
and evaluate changes in real wages by occupation and region. We further compare outcomes across CZs
and between the sets of tradable and nontradable occupations, which are not the focus of our empirical
and theoretical analyses. In this section, we describe how we parameterize our quantitative model; in the
following section, we use the model to conduct counterfactual exercises regarding U.S. immigration.
2.5.1 An Extended Model
We extend our model of Section 2.2 as follows. First, type k ∈ {D, I} workers are now differentiated by their
education level, indexed by e ∈ Ek . The set of type k workers with education e in region r isZkre , which has
measure Nkre and which is endogenously determined for both domestic and immigrant workers as described
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ε (z, o) dz for all r, e, o, k,
whereT kreo denotes systematic productivity for any type k worker with education e employed in occupation o
and region r . We assume that immigration affects productivity only at the aggregate region level: productivity
is given by T kreo = T¯ kreoNλr , where Nr =
∑
k,e Nkre is the population in region r and λ governs the extent
of regional agglomeration (if λ > 0) or congestion (if λ < 0). We maintain the same assumptions as in
the one-education-group model on the distribution from which ε (z, o) is drawn, where for simplicity the
parameter θ that controls the dispersion of idiosyncratic productivity draws is common across education
groups, e. Within each occupation, efficiency units of type k workers are perfect substitutes across workers
of all education levels.118 The measure of efficiency units of type k workers employed in occupation owithin
region r is thus given by Lkro =
∑
e Lkreo . Output of occupation o in region r is produced according to (37).
These assumptions imply that, for any ρ < ∞, within each occupation immigrants and domestic workers are
less substitutable than are type k workers with different levels of education.
Under these assumptions, the share of type k workers with education e who choose to work in occupation o














where W kro is the wage per efficiency unit of type k labor, which is common across all education groups








θ+1 Nkre . (67)
118This simplifying assumption, which allows us to avoid further nesting of workers with yet more substitution elasticities to
calibrate, does not imply that education groups within nativity categories are perfectly substitutable at the aggregate level, since
workers with different education levels concentrate in different occupations (see Llull 2017 for a similar assumption). We elaborate
on this point below. Borjas (2003) and Piyapromdee (2017), among others, obtain related results for the impact of immigration
on education-group wages by alternatively assuming that education and nativity groups are imperfect substitutes in an aggregate
production function that does not specify heterogeneous tasks or occupations.
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The average wage of type k workers with education e in region r (i.e., the total income of these workers













which is also the average wage for these workers within each occupation.119
A second extension is that native and immigrant workers choose in which region r to live. We follow Redding
(2016) and assume that the utility of a worker z living in region r depends on amenities and the expected
real wage from living there. Amenities from residing in region r are given by the product of a systematic
component, ADre for natives with education e and AI sre for immigrants with education e from source country
s, and an idiosyncratic amenity shock, εr (z, r), which is distributed Fréchet with shape parameter ν > 1.
We assume that each worker first draws her amenity shocks across regions and chooses her region, and
then draws her productivity shocks across occupations and chooses her occupation. We assume that the
systematic component of productivity, T Ireo , does not depend on the immigrant’s source country s, so that
the allocation of workers across occupations, pikreo , and average wage, Wagekre , do not vary by s and are
given by (66), (67) and (68).120 Under these assumptions, the measure of workers of type k (and source














where Nkse denotes the exogenous measure of education e workers of type k (and source country s for
immigrants) across all regions (Nkse =
∑
r ∈R Nksre ). The measure of immigrant workers with education e in
119Taking as given changes in the population of domestic and immigrant workers by education in each region, the equilibrium
occupation price and quantity changes would then coincide with those in our baseline model if there are no agglomeration forces,
λ = 0, and if education groups within each k are allocated identically across occupations (i.e., pikreo = pikro for all e ∈ Ek ) — with





nkre . Further details are
presented in Appendix B.10.2.
120We incorporate immigrant source countries into our quantitative model in order to conduct origin-specific counterfactuals
(e.g., reducing the number of low-education Latin American immigrants). The assumption that immigrants with a given education
level differ in their preferences across U.S. regions (based on their source country) but not in their pattern of comparative advantage
across occupations mirrors the extensions to our empirical specifications and provides a model-based motivation of our Card-type
instrument.
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region r is given by N Ire =
∑
s∈S N I sre .
In Appendix B.10.1 we specify a system of equations to solve for changes between two time periods in prices
and quantities in response to changes in exogenously specified national supplies of immigrant workers by
education and source country.121 These changes are not restricted to be infinitesimal as in the analytic results
above. The inputs required to solve this system are: (i) initial period allocations across occupations for each
worker type and education in each region by region, pikreo , wage income of each worker type and education as








, allocations of workers across regions for each worker
type, education (and source country for immigrants), Nksre , absorption shares by occupation in each region,
Yro×Pyro∑
o′ Yro′×Pyro′
, and bilateral exports relative to production and relative to absorption by occupation in each
region; and (ii) values of parameters η (the substitution elasticity between occupations in production of the
final good), α (the substitution elasticity between services from different regions in the production of a given
occupational service), ρ (the substitution elasticity between domestic and immigrant workers in production
within an occupation), θ (the dispersion of worker productivity), ν (the dispersion of worker preferences for
regions), and λ (the elasticity of aggregate productivity to population in each region); and (iii) changes in
immigrant labor supply by education and source country, Nˆ I sre . In Appendix B.10.3 we extend the analytic
results of Section 2.3 to multiple education groups, providing conditions under which immigration neither
crowds in nor crowds out type k, e workers within tradable or nontradable jobs.
2.5.2 Calibration
We calibrate the model based on the U.S. data used in our empirical analysis. We consider 722 regions
(each of which corresponds to a given CZ) within a closed national economy, 50 occupations (half tradable,
half nontradable), two domestic education groups (some college or less, college completed or more), and
three immigrant education groups (high school dropouts, high school graduates and some college, and







and Nksre in the initial equilibrium are obtained
from Census and ACS data. We consider two aggregates of source countries for immigrants—one for Latin
American countries and one for all other countries—which is sufficient to conduct our counterfactuals.
121Specifically, we must solve for 72, 200 (2 × 50 × 722) occupation wage changes and 5, 776 ([2 + (3 × 2)] × 722) population
changes.
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In order to construct bilateral exports by occupation in each region, we assume that occupation demand
shifters are common across regions for tradable occupations, µro = µo for o ∈ O(T ), and choose trade costs
as follows. First, we assume that nontradable occupations are subject to prohibitive trade costs across CZs
(τr jo = ∞ for all j , r). Second, we assume that bilateral trade costs for a given tradable occupation between
a given origin-destination pair are common across tradable occupations (given the absence of bilateral cross-
CZ trade data by occupation), τr jo = τr jo′ for all o, o′ ∈ O(T ), and parameterize them using a standard




for j , r . Given this assumption, the elasticity of
trade with respect to distance across CZs within the U.S. in our model is given by (1 − α)ε, where 1 − α
is the trade elasticity introduced in equation (41). We set (1 − α)ε = −1.29, as estimated in Monte et al.
(2016) using data on intra-U.S. manufacturing trade from the Commodity Flow Survey (CFS). We calibrate
τ¯ to match the average export share within tradables in our model (in the year 2012) to that in the 23 CFS
regions (in the year 2007) that closely align with our CZs, where the average weighs each CZ according to
total labor payments in tradables in the model and according to total shipments in manufactures in the data.
Further details are provided in Appendix B.10.4.122
We assign values to the parameters α, ν, θ, λ, η, and ρ as follows. The parameter α − 1 is the partial
elasticity of trade flows to trade costs. We set α = 7, yielding a trade elasticity of 6, in the mid range of
estimates in the trade literature surveyed by Head and Mayer (2014) and, more importantly, in line with
the estimates using regional data within the U.S. estimated in Donaldson (ming), Donaldson and Hornbeck
(2016), and Fuchs (2018). The parameter ν is the elasticity of native and immigrant spatial allocations with
respect to native real wages across regions, ν =
nkre−nkr′e
wkr −wkr′−pr+pr′
. We set ν = 1.5, which is in the middle of
the range of estimates in the geographic labor mobility literature reviewed by Fajgelbaum et al. (2015). The
parameter θ + 1 is the elasticity of occupation allocations with respect to occupation wages within a region,
θ + 1 =
nkro−nkro′
wkro−wkro′
. We set θ = 1 following analyses on worker sorting across occupations in the U.S. labor
market in Burstein et al. (2016) and Hsieh et al. (2016).123 We set λ = 0.05, in line with estimates in the
local agglomeration economics literature reviewed in Combes and Gobillon (2015).
122We also consider an alternative parameterization in which trade is free within tradables. We match our moments—excluding
trade shares—by setting ρ = α = 7 and η = 2.17. In unreported results, we show that in our counterfactual exercises the within CZ
results for native reallocation and wage changes across occupations are similar, but the across CZ changes in real wages are smaller.
123Our parameter θ corresponds to θ + 1 in Burstein et al. (2016) and Hsieh et al. (2016).
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θ α ρ η ν λ
Parameter values 1 7 5.6 2.05 1.5 0.05
Table 2.8: Parameter values in quantitative analysis
Since estimates of the elasticity of substitution between occupations, η, and the elasticity of substitution
between native and immigrant workers within occupations, ρ, are not readily available from existing re-
search, we calibrate them. To best match our reduced-form employment-allocation regressions in which
we instrument for immigrant allocation across space using a Card-like instrument, we feed into our model
exogenous changes in immigrant supply by education and region between 1980 and 2012 predicted by the
Card instrument, Nˆ Ire = 1 +
∆N I∗re
Nre
, where ∆N I∗re is defined in Section 2.4, and leave the supply of native
workers by education and region unchanged (in the counterfactuals in Section 2.6, we feed in national
changes in immigrants by source country and education, and allow for endogenous regional movements
of natives and immigrants). Using data generated by the extended model (taking into account the general
equilibrium determination of producer prices by region and occupation), we then run the reduced-form
employment-allocation regression in (60). While this reduced-form equation has no structural interpreta-
tion—both because of our extensions described above and because we do not impose small open economy
or small shock assumptions here—it provides useful “identified moments” that we can match in our full
model (see Nakamura and Steinsson, 2018). We choose η and ρ to target the extent to which immigration
crowds in or crowds out native employment within tradables and within nontradables. Specifically, we target
βD = 0 (neither crowding in nor crowding out of natives by immigrants in tradables) and βD+ βDN = −0.295
(crowding out of natives by immigrants in nontradables), where the latter is the average of the reduced-form
estimates across high- and low-education native workers. Replicating our empirical parameter estimates
implies values of ρ = 5.6 and η = 1.94. Table 2.8 reports calibrated parameter values and Table 2.4 reports
the employment-allocation regressions using data generated by the model.
The intuition for the values that the parameters η and ρ are assigned can be understood using the analytics
in Section 2.3.2, although the narrow restrictions under which these results are obtained are partially relaxed
here. Our assumption that trade shares are zero for nontradable occupations implies that the elasticity of
regional output to the regional producer price for nontradables, rN , is equal to η. The elasticity of regional
output to the regional producer price for tradables, rT , is a weighted average of α and η, with the weight
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on α increasing in trade shares of tradable occupations, where trade shares are implied by the calibration
procedure described above. Since tradable occupations have high trade shares, rT is closer to α than to
η. According to our analytics in Section 2.3.2, targeting βD = 0 in the employment-allocation regression
(no crowding out in tradables for low- and high-education natives) requires that the elasticity of regional
output to the regional producer price within tradables, rT , equals the elasticity of substitution between
native- and foreign-born workers within each occupation, ρ. It follows that ρ must be closer to α than to η,
yielding ρ = 5.6. A higher value of ρ would imply crowding out in tradables, which is inconsistent with our
reduced-form estimates (see the alternative parameterization below).
The intuition for the value of η = 1.94 is similar. Targeting βDN < 0 in the employment-allocation
regression (crowding out in nontradables for low- and high-education natives) requires that η = rN < ρ.
To demonstrate how the allocation regression shapes our choice of η beyond requiring that η < ρ, Figure
2.1 displays the model-implied values of βD and βDN against the value of η if we fix all other parameters at
their baseline levels. As described above, βD is less responsive to changes in η than is βDN . Therefore, the
estimated value of βDN guides our choice of η.
Although we do not directly target the labor-payments regression coefficients, the estimated coefficients
in our model, reported in Table 2.4, are roughly in line with the reduced-form labor-payments regression
results in our data, reported in column 3 of Table 2.2. The resulting R-squared values for the allocation
and labor payment regressions run on model-generated data are above 0.99. Because these regressions
are not structural, the tight fit does not follow directly from our modeling assumptions. Instead, the fit
reflects the ability of the reduced-form employment-allocation and labor-payments regressions to summarize
equilibrium occupational employments in the model.124
Alternative parameterizations of ρ. We consider two alternative parameterizations in which we choose
different values of ρ. In the first, we triple the value of ρ to ρ = 16.8 and hold fixed other parameters. When
raising ρ, we continue to roughly match the extent of differential crowding out within nontradables compared
to tradables, βDN = −0.294, but the model now generates the counterfactual result of crowding out within
tradable occupations, βD = −0.132. In the second parameterization, we assume that ρ differs exogenously
124In Appendix B.11 we report estimates for the wage regressions (63) and (65) using model-generated data.
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and systematically between tradable, ρT , and nontradable, ρN , occupations. In this parametrization, we
assume autarky in all occupations (so that T = N ), fix η at our baseline level, and choose ρT = 1.9 < 4.7 =
ρN targeting the native factor allocation regression estimates. This alternative ismotivated by the concern that
our finding of stronger crowding out within nontradables relative to within tradables could be a byproduct of
higher immigrant-native substitution elasticities in nontradables relative to tradables. In this case, however,
the model has counterfactual predictions for how labor payments respond to immigration. In particular,
relative labor payments to immigrant-intensive occupations counterfactually increase relatively more within
nontradable than within tradable occupations in response to an inflow of immigrants, γN = 0.064. Similarly,
prices of immigrant-intensive occupations do not fall relatively more within nontradable than within tradable
occupations, which is inconsistent with evidence in Cortes (2008).
2.6 Counterfactual Changes in Immigration
Using data for 2012 as the initial period, we consider two counterfactual changes in the supply of immigrant
workers, Nˆ I se , which we motivate using proposed reforms in U.S. immigration policy. One potential change
is to tighten U.S. border security, which would reduce immigration from Latin America, the source region
that accounts for the vast majority of undocumented migration flows across the U.S.-Mexico border. We
operationalize this change by reducing the immigrant population from Mexico, Central America, and South
America in the U.S. by one half. Following the logic of the Card instrument, this labor-supply shock will
differentially affect commuting zones that historically have attracted more immigration from Latin America.
Labor market adjustment to the immigration shock takes the form of changes in occupational output prices
and occupational wages, a resorting of workers across occupations within CZs, and movements of native- and
foreign-born workers between CZs. The second shock we consider is expanded immigration of high-skilled
workers. The U.S. business community has advocated for expanding the supply of H1-B visas, the majority
of which go to more-educated foreign-born workers (Kerr and Lincoln, 2010). We operationalize this shock
via a doubling of immigrants in the U.S. with a college education.
In order to describe the results of our counterfactual exercises, it is useful to define a measure of the aggregate
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re′ is the share of immigrant workers with education e in
region r in total labor payments in region r and where∆N Ire is the change between the initial and final periods
in education e labor supply of immigrants in region r . The measure x Ir captures the change in effective labor
supply in CZ r caused by changes in the local supply of immigrants, accounting for endogenous regional
labor movements.
2.6.1 50% Reduction of Latin American Immigrants
In this scenario, we halve the number of Latin American immigrants at the national level, setting Nˆ I,Lat Ame =
1 − 0.5×N I ,Lat Ame
N I ,Lat Ame
, where N I,Lat Ame corresponds to the total number of Latin American immigrants with
education e in the U.S. in the period 2012. Because Latin American immigrants tend to have relatively
low education levels, reducing immigration from the region amounts to a reduction in the relative supply of
less-educated labor. In 2012, 70.4% of working-age immigrants from Mexico, Central America, and South
America had the equivalent of a high-school education or less, as compared to 29.4% of non-Latin American
immigrants and 38.3% of native-born workers.
There is large variation in aggregate exposure across regions in response to this shock—with x Ir ranging
from almost 0 to 0.18 in Miami and taking a value of 0.08 in Los Angeles, a case on which we focus below.
This variation arises from differences across CZs in 2012 in the share of immigrants by education in total
income and in the share of Latin Americans in the total number of immigrants by education. Although
natives and immigrants reallocate across space in response to this shock, this spatial re-sorting plays little
role in shaping x Ir .125
We first examine the consequences of a reduction in immigrants from Latin America on changes in average
125With changes in real wages across regions differing by no more than 5% and with ν = 1.5, there is not substantial labor
reallocation across regions relative to the large intial shock. Hence, all of our results in what follows are very similar to the results
that we would obtain without geographic labor mobility.
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real wages (i.e., the change in average consumption for workers who begin in the region before and remain
in the region after the the counterfactual change in immigrant labor supply) for low-education natives.126
We next examine the consequences on the native education wage premium. These outcomes, which are
the focus of much previous literature, capture differences across CZs in immigration impacts. They do not,
however, reveal within-CZ variation in exposure to factor supply shocks, which is the emphasis of our paper.
Figure 2.2 depicts the spatial variation in the log change in average real wages for less-educated native-born
workers across commuting zones, and reveals the expected larger impacts in CZs that are located in Florida,
close to the U.S. border with Mexico, or gateway regions for immigration, such as the metro areas of Atlanta,
Chicago, New York, and Washington, D.C.
Figure 2.3 plots, on the y-axis, the log change in average real wages for less-educated native-born workers in
the left panel and the log change in the education wage premium for native-born workers (college-educated
workers versus workers with less than college) in the right panel, where in each graph the x-axis is CZ
exposure to the immigration shock, x Ir . In response to an outflow of Latin American immigrants, average
native low-education real wages fall in all but six locations, from close to zero in the least-exposed CZs,
to 1.6% in Los Angeles, and to as much as 4.1% in Miami. This real wage impact arises both because of
agglomeration externalities and because native and immigrant workers are imperfect substitutes, such that
reducing immigration from Latin America reduces native real wages. At calibrated parameter values, this
real wage effect is largely transmitted through changes in region price indices rather through than changes in
nominal wages.127
Moving to the right panel of Figure 2.3, we see that because the immigration shock reduces the relative
supply of less-educated immigrant labor and because less-educated immigrants are relatively substitutable
with less-educated natives, the education wage premium falls (and more so in CZs that are exposed to larger
reductions in immigration from Latin America). For example, in Miami and Los Angeles the education
premium falls by roughly 0.8%. Less-educated foreign-born workers substitute more easily for less-educated
natives than for more-educated natives both because less-educated native- and foreign-born workers tend
126To a first-order approximation, this change in real wages equals the change in utility of low-education natives initially located
in that region.
127See Figure B.1 of Appendix B.10. Without agglomeration externalities (λ = 0), the real wage of low-education workers falls
by 1 percentage point in Los Angeles, instead of 1.6 percentage points in our baseline.
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to specialize in similar occupations and because rg ≤ ρ (which implies that native- and foreign-born
workers are more substitutable within than across occupations). Our Roy model, in which education
groups are perfect substitutes within occupations, endogenously generates aggregate patterns of imperfect
substitutability between education groups.
Our more novel results are for changes in wages at the occupation level, which capture variation in exposure
to immigration across jobs within a CZ. Figure 2.4 describes differences across occupations in adjustment
to the immigration shock in nontradable and tradable tasks for the CZ of Los Angeles. The horizontal
axis reports occupation-level exposure to immigration, as measured by the absolute value of xro in (59).
The vertical axis reports the change in wage by occupation for stayers (native-born workers who do not
switch between occupations nor migrate between CZs in response to the shock) deflated by the change in the
absorption price index in Los Angeles. Even though real wages fall on average across occupations for natives
in Los Angeles, reducing immigration from Latin America helps natives in the six most-exposed nontradable
occupations. The difference between average and extreme real wage changes reflects large differences in real
wage changes according to occupation-level exposure to immigration across nontradable occupations.
The most-exposed nontradable occupation (private household services) sees wages rise by 7.7 percentage
points more than the least-exposed nontradable occupation (firefighting). This difference in wage changes
across nontradable jobs dwarfs variation in immigration impacts between CZs, which are aggregations of
occupation-wage changes. In particular, our across-job, within-CZ wage change is large relative to the
difference in real wage changes across CZs for low-education natives and relative to the difference in changes
in the education wage premium between the most-exposed CZ and the least-exposed CZ, seen in the left and
right panels of Figure 2.3.
The adjustment process across tradable occupations differs markedly from that across nontradables. In
Figure 2.4, the most-exposed tradable occupation (textile-machine operators) sees real wages rise by just
2.8 percentage points more than the least-exposed tradable occupations (social scientists). The most-least
difference for occupations in wage adjustment is thus 4.9 percentage points larger in nontradables than in
tradables. In contrast to nontradables, the real wage falls for natives in all tradable occupations in Los
Angeles, even the most immigrant-intensive ones.
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The patterns ofwage adjustment by occupation thatwe describe are not specific to the LosAngeles commuting
zone.
To characterize changes inwages across occupations in all CZs, Figure 2.5 plots the difference inwage changes
between the occupation that has the largest wage increase (or smallest wage decrease) and the occupation that
has the smallest wage increase (or largest wage decrease), on the vertical axis, against overall CZ exposure
to the immigration shock, on the horizontal axis. The left panel of Figure 2.5 reports comparisons among
nontradable occupations, while the right panel reports comparisons for tradable occupations. Consistent with
the case of Los Angeles in Figure 2.4, across CZs we see substantially more variation in wage adjustment
across jobs within nontradables than across jobs within tradables.128 Moreover, variation in wage adjustment
across occcupations in most CZs tends to be much larger than variation in real wages across CZs (displayed in
Figure 2.3). Figure 2.6 depicts the spatial variation in the difference in wage changes between the occupation
that has the largest wage increase and the occupation that has the smallest wage increase (or largest wage
decrease) in nontradables across commuting zones. It shows a similar regional concentration of impacts as
for real wage changes in Figure 2.2, though with an attenuated distance gradient as one moves away from the
Southwest border and the coasts.
2.6.2 Doubling of High-Education Immigrants
The intuition we have developed for differences in adjustment across occupations within nontradables versus
within tradables rests on labor supply shocks varying across regions or on factor allocations across occupations
varying across regions. If, on the other hand, all regions within a national or global economy are subject to
similar aggregate labor supply shocks and if labor is allocated similarly across occupations in all regions, there
is no functional difference between nontradable and tradable activities. Each locality simply replicates the
aggregate economy. Because immigrants from Latin America concentrate in specific U.S. commuting zones
and specialize in different occupations across these commuting zones, the immigration shock we modeled
in the previous section represents far from a uniform change in labor supply across region-occupation pairs.
Hence, the logic of adjustment to a local labor supply shock applies when projecting differences in labor
128For a given level of aggregate exposure to Latin American immigration (x axis in Figure 2.5) there is large variation across
regions in the highest minus lowest occupation wage change (y axis) because occupation exposure varies across commuting zones.
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market adjustment mechanisms in nontradable versus tradable activities. The experiment we consider in
this section, an increase in high-skilled immigration, is closer to a uniform increase in labor supplies across
region-occupation pairs, owing to more similar occupation employment patterns for immigrants in this skill
category. The consequence will be less differentiation in adjustment across occupations within nontradables
versus within tradables.129
In this scenario, we double the number of immigrants with a college degree at the national level, setting
Nˆ I se = 2 for e = 3 (immigrants with a college education) from all sources s. As in the previous section
there is large variation in aggregate exposure across regions in response to this shock—with x Ir ranging
from roughly 0 to a high of 0.34 in San Jose and taking a value of 0.16 in Los Angeles. However, unlike
in the previous section, high-education immigrants tend to work in similar occupations across commuting
zones.
In response to an inflow of college-educated immigrants, average native low-education real wages rise in all
locations, as seen in Figure 2.8 and the left panel of Figure 2.9, from as little as 0.3 percentage points in the
least-exposed CZs, to 3.3 percentage points in Los Angeles, and to as much as 5.3 percentage points in San
Jose.
As in the previous exercise, this real wage impact arises both because of agglomeration effects and because
native and immigrant workers are imperfect substitutes, so that increasing high-education immigrants raises
native real wages. Now, however, the relatively even spatial distribution of the immigration shock produces
a map of real wage changes in Figure 2.8, which displays no clear geographic pattern when compared to the
more regionally concentrated Latin American immigration shock depicted in Figure 2.2.
In the right panel of Figure 2.9, we see that in response to the increase in relative supply of more-educated
immigrant labor, the education wage premium falls (and more so in CZs that are exposed to larger increases
in skilled foreign labor). Consistent with the logic operating in the previous shock, this effect arises because
more-educated immigrants and less-educated natives tend to work in dissimilar occupations and not because
they are relatively weakly substitutable within occupations.
129Even if all regions within the U.S. are identical, as long as there is trade between countries there will be a functional difference
between tradable and nontradable occupations in terms of within-occupation adjustment to shocks. By abstracting away from trade
with the rest of the world in our counterfactual exercises, we may understate differences between tradables and nontradables.
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Moving to adjustment in wages at the occupation level, Figure 2.10 describes differences across occupations
in adjustment to the immigration shock in nontradable and tradable tasks for the CZ of Los Angeles.
Since there is a positive inflow of immigrants, most occupations experience an increase in real earnings,
owing to the negative impact of the increase in labor supply on the absorption price index. However,
for the occupations that are most exposed to the labor inflow, real wages decline in both nontradable and
tradable occupations—in contrast to the results in the previous section—as the direct effect of expanded
labor supply on occupation wages more than offsets the fall in the price index. In sharp contrast with Figure
2.4, the difference in real wage adjustment between the two sets of occupations is now rather modest. In
terms of relative earnings within the two groups, wages for the most-exposed nontradable occupation (health
assessment) fall by 7.0 percentage points more than for the least-exposed nontradable occupation (extractive
mining). In tradables, the difference in wage changes between the most- and least-exposed occupation
(natural sciences and fabricators, respectively) is 4.9 percentage points. Whereas in the case of the previous
counterfactual exercise the difference in wage changes between the most and least immigration-exposed
occupations was 4.9 percentage points larger in nontradables than in tradables, the difference in Figure 2.10
is just 2.1 percentage points.130
The patterns of wage adjustment by occupation that we describe are not specific to Los Angeles. Figure
2.11—which plots the difference in wage changes between the occupation that has the largest wage increase
(or smallest wage decrease) and the occupation that has the smallest wage increase (or largest wage decrease),
on the vertical axis, against overall CZ exposure to the immigration shock, on the horizontal axis—provides
further evidence of reduced differences in occupation wage adjustment between nontradables and tradables
in the high-skilled immigration experiment as compared to the Latin American immigration experiment. In
nontradable jobs, differences in wage changes range from 0 to 10 percentage points, whereas in tradable jobs
they range from 3 to 6 percentage points. In the regions that are more exposed to high-skilled immigration,
differences in wage changes are roughly only 2 percentage points higher within nontradable occupations than
130When we consider a partial equilibrium specification in which we solve for occupation wages in each CZ assuming constant
producer prices in all other locations, the difference in wage changes between the most and least immigration-exposed occupations
is 5.8 percentage points larger in nontradables than in tradables in Los Angeles, which is much larger than 2.1 percentage when
solving for all prices in full general equilibrium. The differences between general and partial equilibrium are much smaller in our
first counterfactual.
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within tradable occupations, much smaller than in our first counterfactual.131
2.7 Conclusion
Empirical analysis of the labor market impacts of immigration has focused overwhelmingly on how inflows
of foreign-born workers affect average wages at the regional or education-group level. When working with
a single-sector model of the economy, such emphases are natural. Once one allows for multiple sectors
and trade between labor markets, however, comparative advantage at the worker level immediately comes
into play. Because foreign-born workers tend to concentrate in specific groups of jobs—computer-related
tasks for the high skilled, agriculture and labor-intensive manufacturing for the low skilled—exposure to
immigration will vary across native-born workers according to their favored occupation. That worker
heterogeneity in occupational productivity creates variation in how workers are affected by immigration is
hardly a surprise. What is more surprising is that the impact on native workers of occupation exposure to
immigration varies within the sets of tradable and nontradable jobs. The contribution of our paper is to
show theoretically how this tradable-nontradable distinction arises, to identify empirically its relevance for
local-labor-market adjustment to immigration, and to quantify its implications for labor-market outcomes in
general equilibrium.
For international economists, the idea that trade allows open economies to adjust to factor-supply shocksmore
through changes in output mix than through changes in relative prices is thoroughly familiar. For decades,
graduate students learned the Rybczynski effect as one of the four core theorems in international trade theory.
Yet, Rybczynski has traveled poorly outside of the trade field. To labor economists, the claim that factor
prices are insensitive to factor quantities is ludicrous. Although recent theories of offshoring (Grossman
and Rossi-Hansberg, 2008) and economic growth (Acemoglu and Guerrieri, 2008) utilize elements of
Rybczynski logic, a distinction between adjustment within tradable and within nontradable activities is
missing from the literature. Our framework—which softens the knife-edge quality of the standardRybczynski
formulation—characterizes occupational and industrial adjustment to internal and external shocks in modern
131In Figure 2.11, we see that there are CZs that experience very large changes in wages between occupations even though their
aggregate exposure to immigration is low. These CZs tend to be those that have a small number of occupations that are very
exposed to high-skilled immigration, whereas their other occupations have little exposure. For these CZs, aggregate exposure to the
immigration shock is not necessarily predictive of the difference in wage changes between occupations.
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economies.
While our empirical analysis validates the differential labor-market adjustment patterns within tradables and
within nontradables predicted by our theoretical model, it is only in the quantitative analysis that we see
the consequences of this mechanism for wage levels and welfare. Individuals who favor working in jobs
that attract larger numbers of immigrants may experience very different consequences for their real incomes,
depending on whether they are attracted to tradable or nontradable activities. Workers drawn to less-tradable
jobs are likely to experience larger changes in wages in response to a given immigration shock, owing to
adjustment occurring more through changes in occupational prices and less through changes in occupational
output. In contrast to the lessons of recent empirical work, a worker’s local labor market and education
level may be insufficient to predict her exposure to changes in inflows of foreign labor. Her occupational
preferences and abilities may be of paramount importance, too.
We choose to study immigration because it is a shock whose magnitude varies across occupations, skill
groups, regions, and time, thus providing sufficient dimensions of variation to understand where the dis-
tinction between tradable and nontradable jobs is relevant. The logic at the core of our analytical approach
is applicable to a wide range of shocks. Sector or region-specific changes in technology or labor-market
institutions would potentially have distinct impacts within tradable versus within nontradable activities, as
well. What is necessary for these distinct impacts to materialize is that there is variation in exposure to
shocks within tradable and within nontradable jobs and across local labor markets, such that individual
regional economies do not simply replicate the aggregate economy. Returning to the immigration context,
the U.S. Congress has repeatedly considered comprehensive immigration reform, which would seek to legal-
ize undocumented immigrants, prevent future undocumented immigration, and reallocate visas from family
members of U.S. residents to high-tech workers. Our analysis suggests that it would be shortsighted to see
these changes simply in terms of aggregate labor-supply shocks, as is the tendency in the policy domain. They
must instead be recognized as shocks whose occupational and regional patterns of variation will determine
which mechanisms of adjustment they induce.
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2.8 Figures
Figure 2.1: Estimates from allocation regression (model generated data)
Figure varies η from 1 to 9, holding all other parameters at their baseline levels. The vertical lines represents the baseline value of η = 1.94 and
the value of η = α = 7.
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Figure 2.2: 50% reduction in Latin American Immigrants: change in the real wage of low-education
native-born workers across CZs
Figure 2.3: 50% reduction in Latin American Immigrants: change in real wage of low education domestic
workers and change in education wage premium of domestic workers, across CZs
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Figure 2.4: 50% reduction in Latin American immigrants: change in domestic occupation wage (deflated by
the price index) by occupation in Los Angeles, CA
Figure 2.5: 50% reduction in Latin American Immigrants: highest occupation wage increase minus lowest
occupation wage increase across CZs
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Figure 2.6: 50% reduction in Latin American Immigrants: highest occupation wage increase minus lowest
occupation wage increase for nontradable occupations across CZs
Figure 2.7: Doubling of high education immigrants: highest occupation wage increase minus lowest occu-
pation wage increase for nontradable occupations across CZs
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Figure 2.8: Doubling of high education immigrants: change in the real wage of low-education native-born
workers across CZs
Figure 2.9: Doubling of high education immigrants: change in real wage of low education domestic workers
and change in education wage premium of domestic workers, across CZs
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Figure 2.10: Doubling of high education immigrants: change in domestic occupation wage (deflated by the
price index) by occupation in Los Angeles, CA
Figure 2.11: Doubling of high education immigrants: highest occupation wage increase minus lowest
occupation wage increase across CZs
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2.9 Tables
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
Panel A
(1a) (2a) (3a) (4a) (5a) (6a)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro -.088 -.148** -.099** -.130*** -.229*** -.210***
(.065) (.069) (.041) (.040) (.047) (.037)
Obs 33723 33723 33723 26644 26644 26644
R-sq .822 .822 .822 .68 .68 .679
F-stat (first stage) 129.41 99.59
Panel B
(1b) (2b) (3b) (4b) (5b) (6b)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .089* .009 .005 .022 -.034 -.021
(.049) (.088) (.061) (.036) (.066) (.060)
Io (N ) xro -.303*** -.303*** -.238*** -.309*** -.373*** -.330***
(.062) (.101) (.091) (.097) (.126) (.113)
Obs 33723 33723 33723 26644 26644 26644
R-sq .836 .836 .836 .699 .699 .699
Wald Test: P-values 0.00 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 105.08 72.28
Notes: The estimating equation is (60). Observations are for CZ-occupation pairs (722 CZs×50 occupations). The dependent
variable is the log change in hours worked by native-born workers in a CZ-occupation; the immigration shock, xro , is defined
in (59); Io (N ) is a dummy variable for the occupation being nontradable. All regressions include dummy variables for the
occupation and the CZ-group (tradable, nontradable). Columns (1) and (4) report OLS results, columns (2) and (5) report
2SLS results using (62) to instrument for xro , and columns (3) and (6) replace the immigration shock(s) with the
instrument(s). Low-education workers are those with some college or less; high-education workers are those with at least a
bachelor’s degree. Standard errors (in parentheses) are clustered by state. For the Wald test, the null hypothesis is that the sum
of the coefficients on xro and Io (N ) xro is zero. Significance levels: * 10%, ** 5%, ***1%.
Table 2.1: Allocation for domestic workers across occupations
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .3918*** .3868** .3266**
(.1147) (.1631) (.1297)
Io (N ) xro -.3512*** -.4009*** -.3287***
(.1157) (.1362) (.0923)
Obs 34892 34892 34892
R-sq .897 .897 .897
Wald Test: P-values 0.38 0.89 0.98
F-stat (first stage) 127.82
Notes: The estimating equation is (61). Observations are for CZ-occupation pairs. The dependent variable is the log change in
total labor payments in a CZ-occupation; the immigration shock, xro , is in (59); Io (N ) is a dummy variable for the occupation
being nontradable. All regressions include dummy variables for the occupation and the CZ-group (tradable, nontradable).
Column (1) reports OLS results, column (2) reports 2SLS results using (62) to instrument for xro , and column (3) replaces the
immigration shocks with the instruments. Standard errors (in parentheses) are clustered by state. For the Wald test, the null
hypothesis is that the sum of the coefficients on xro and Io (N ) xro is zero. Significance levels: * 10%, ** 5%, ***1%.
Table 2.2: Labor payments across occupations
(1) (2) (3)
OLS 2SLS RF∑
o∈O piDreo xro .602*** .8986*** .9678***
(.1101) (.139) (.1617)∑
o∈O piDreoIo (N ) xro -.8265*** -1.629*** -1.691***
(.1535) (.1779) (.2439)
Obs 1444 1444 1444
R-sq .979 .976 .979
Wald Test: P-values 0.00 0.00 0.00
Notes: The estimating equation is (65). Observations are by CZ and education group (some college and less, bachelor’s and
more). The dependent variable is the education-group-specific log change in average wages for native-born workers in (64).
Reported coefficients are for the immigration shock to all occupations,
∑
o∈O piDreo xro , and to nontradables,∑
o∈O piDreo Io (N ) xro . Coefficient estimates on other variables (
∑
o∈O piDreo , x¯rT
∑
o∈O(T ) piDreo , x¯rN
∑
o∈O(N ) piDreo ) are
suppressed. Column (1) reports OLS results, column (2) reports 2SLS results using (62) to construct instruments for the
immigration shocks, and column (3) replaces the immigration shocks with the instruments. For the Wald test, the null
hypothesis is that the sum of coefficients on
∑
o∈O piDreo xro and
∑
o∈O piDreo Io (N ) xro are zero. F-stats for the first-stage are
41.87, 76.53, 115.63 and 86.6 for the endogenous variables
∑
o∈O piDreo xro ,
∑
o∈O piDreo Io (N ) xro , x¯rT
∑
o∈O(T ) piDreo , and
x¯rN
∑
o∈O(N ) piDreo , respectively. Significance levels: * 10%, ** 5%, ***1%.
Table 2.3: Change in average wage for native-born workers, 1980-2012
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Allocation regression Labor payment regression





R-sq 0.971 0.986 0.995
Table 2.4: Regression results using model-generated data
Calibration targets: average low & high education for native workers β = 0; Average low & high education for native workers βD + βDN = −0.295.
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Chapter 3. Domestic Production Fragmentation in a Knowledge Economy
(with Yang Jiao)
3.1 Introduction
One of the most revolutionary technological developments in recent decades has been the advances in
transportation and communications technology. It blurs geographic boundaries, altering what teams of
economic agents can do at a distance and reducing the costs of managing off-site teams. As a result, more
cross-regional teams can be formed. This “geographic fragmentation” of production processes affects not
only organization and hiring decisions of firms, but also workers’ occupation and location choices. There are
two broad types of geographic fragmentation: one is the formation of international teams crossing national
borders, commonly referred to as international offshoring; and the other is domestic teams crossing city
boundaries, which we label as domestic production fragmentation. These two seemingly parallel issues have
not received comparable attention in the literature. In contrast to the extensive research on international
offshoring, domestic production fragmentation is understudied. The key difference between these two lies
in the assumption on labor mobility. Individuals are immobile across international borders, whereas they
are generally assumed to have free mobility across cities.132 Firm fragmentation domestically may therefore
lead to relocation of labor and potentially redistribution of skills across different local labor markets, and
have very different welfare and productivity implications.
This paper seeks to investigate how the formation of cross-city production teams, or domestic production
fragmentation, affects spatial distribution of skills, occupations and wages. Intuitively, production of goods
involves two key tasks, knowledge inputs and standardized production (e.g., Garicano, 2000; Garicano and
Rossi-Hansberg, 2006). Managers, which refer to people who produce knowledge in general, tend to locate
in larger cities in order to leverage the agglomeration forces offered in these locations; workers performing
standardized production, on the other hand, may find it more beneficial to be in smaller cities to save costs.
In another word, different cities have comparative advantages in different occupations. As a result, cities
132There is a number of literature that studies the various forms of mobility cost in reality, see e.g., Enrico (2011), Baum-Snow
and Pavan (2012), and Ferreira et al. (2011). This paper focuses on long-run impact of domestic production fragmentation, and we
thus take a position that in the long run, individuals are very much mobile.
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of different sizes would also specialize in different tasks associated with these occupations. With a drop
in communications cost, firms would be more willing to break up their production processes, to better take
advantage of the differentiated locational benefits offered in cities of different sizes.133 This reinforces
the pattern of specialization across cities. Additionally, we study the consequences of this increasing
city specialization on welfare, wage inequalities, aggregate productivity at both national and local city
levels.
We first establish some stylized facts on the relocation of high skilled workers across cities between 1980
and 2010. We show that this trend of relocation coincides with a period of growing fragmentation of
production processes, i.e., occupation relocation. Second, we develop a model that reproduces these facts.
The key elements of the model are occupation sorting and location sorting, i.e., a continuum of agents with
heterogeneous abilities endogenously forming production teams by taking on different roles (i.e., managers
versus workers), and choosing their locations. Additionally, managers choose geographic organization of
production tomaximize the profits. Equilibrium conditions determine the extent of production fragmentation,
distribution of skills, wages, and housing prices. Finally, the model yields estimating equations involving
observable skill distribution across cities. We plan to use these equations to quantify impacts of production
fragmentation and perform counterfactual welfare analyses in future work.
The most interesting theoretical findings of our paper concerns welfare impact. The paper finds that a
reduction in communications cost leads to an increase in the extent of skill specialization across cities, with
higher skilled workers moving to larger cities and lower skilled workers moving to smaller cities. We show
that this geographic redistribution of skills necessarily benefits labors of all skill levels. In addition, there is
an overall efficiency gain with a large increase in the aggregate labor productivity. The reason is twofold:
one is the direct effect of communications cost reduction; the other is that the communications cost reduction
facilitates spatial relocation with managers becoming more concentrated in bigger cities. Thus, productivity
increases further from the additional agglomeration forces created by human capital externality.
This paper is related to several strands of literature. First, the geographic fragmentation of process in our
133In this study, we use ‘firms’ and ‘production teams’ interchangeably. Cooperation of productions can happen intra- or inter-
firms. For example, a furniture production team can be either an individual firm, or consist of two firms with a furniture design firm
and a furniture factory.
125
project is similar to that in international offshoring. There is a large volume of research on international
offshoring, which arises when falling transportation or communications costs motivate firms to disintegrate
production and send certain jobs overseas to take advantage of comparative advantages. A consequence
of this practice is growing vertical specialization in which countries increasingly specialize in one part of
a good’s production process (Hummels et al., 2001). Much research effort is devoted to analysis of wage
inequality, in response to the offshoring of unskilled labor-intensive tasks to less developed countries (see,
e.g., Feenstra, 1998; Antras et al., 2006; Grossman and Rossi-Hansberg, 2008; Robert-Nicoud, 2008). Most
of the literature predicts that offshoring brings efficiency gains but enlarges wage inequality, worsening
the position of unskilled workers in developed countries. This welfare implication is in sharp contrast
to our model prediction that firm fragmentation benefits workers of all skill levels, resulting in Pareto
improvement.
Our work is closely connected to literature on cross-city analysis of firm fragmentation. Duranton and Puga
(2005) pioneers the theoretical research, for which they develop a model with homogeneous labor who are
mobile across cities and sectors. The model considers an endogenous relationship between local productivity
and industrial agglomeration. The paper concludes that low communications cost facilitates separation of
managerial and manufacturing units in different cities. Liao (2012) extends the canonical model to include
two types of workers and focuses specifically on business support services.134 The paper documents that low-
skill support workers tend to leave large cities andmigrate to rural areas, and finds that these low-skill workers
are made better off as firm fragmentation allows support workers to benefit from the higher productivities in
cities without bearing the high costs. Our model, however, is novel in four key dimensions. First, it is the
first paper to include heterogeneous individuals with a continuum of skill distribution. Second, occupation
choices are endogenous and related to the heterogeneity in skills. Third, the actual production function is
generated endogenously from a production process that does not assume skill complementarities, but rather
is derived from the specialization of agents in different aspects of the process — production and knowledge.
Lastly, we model firm-level productivity in different cities as coming from a random probability distribution,
linking manager’s own skill level, city-pair characteristics and agglomeration forces. As a result of these
differences, we are able to move beyond previous contributions, and formally analyze how the process of
134Workers in business support services sector make up less than 1% of the total employment in the US.
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production fragmentation determines the countrywide organization of production, the structure of rewards
that support it, and most importantly, the impact on individuals’ real wage for the entire skill distribution. In
addition, our model is also able to yield results consistent with a large number of urban economics literature
on urban wage premium and patterns of skill premia (see e.g. Glaeser and Maré, 2001; Glaeser and Gottlieb,
2009; Davis and Dingel, 2012). These important empirical facts would not be revealed in a simpler model
with only homogeneous or two types of workers.
A large number of empirical literature supports our framework and results. Manufacturers often contract out
specialized business services (Abraham and Taylor, 1996), and this propensity increases with city size (Ono,
2007), and particularly, those withmanagement headquarters in large cities aremore likely to contract out less
important parts of the production process (Ono, 2003). Determinants of firms’ decision to geographically
separate headquarters from production include scale, with larger firms more likely to engage in spatial
fragmentation (Aarland et al., 2007), and proximity to production facilities (Holmes and Stevens, 2004;
Henderson and Ono, 2008). In addition, this spatial specialization pattern has become more pronounced
over time. Strauss-Kahn and Vives (2009) analyze that between 1996 and 2001, headquarters tend to move
away from locations with relatively few other headquarters and business service producers, and towards
locations with a greater presence of them. Duranton and Puga (2005) document the pattern of increasing
functional specialization in the US cities, with larger cities being more specialized in management functions
whereas smaller cities in production through time. Our model is able to reproduce all these empirical
results.
Our model features occupation hierarchy a la Lucas (1978). Agents endogenously choose their occupations
based on their innate skills. In our (benchmark) model, similar to Lucas (1978), once an agent becomes a
production worker, her innate skill no longer matters; while if he chooses to be a manager, her productivity
is directly linked to the skill that he is endowed with. Garicano (2000) and Garicano and Rossi-Hansberg
(2006) are more sophisticated models with hierarchy. They endogenize knowledge acquisition and study
more than two layers of hierarchy. Garicano (2000) is a model without agent heterogeneity in innate skills.
Garicano and Rossi-Hansberg (2006) address the inequality issue with heterogeneous agents. Agents sort
into different layers based on their innate skills. They show that reduction in communications cost between
layers will increase the value of organization, i.e. asking others to solve problems. Inequality between layers
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will increase since higher layer agents will acquire more knowledge, amplifying the skill difference between
layers. While we share the element of firm hierarchy with them, our paper emphasizes the spatial dimension
of skill distribution which is not explored in these papers. As mentioned above, Antras et al. (2006) discuss
hierarchy in international offshoring context with reduction in management (communications) cost, but our
paper concentrates on the within country outcome of reduction in management cost with labor mobility
across cities.
Our paper is among the growing literature with models of a system of cities. Davis and Dingel (2014)
incorporate Costinot and Vogel (2010) into a city system with explicit internal urban structures. While
previous literature generally assumes countries’ factor endowments exhibit log-supermodularity, they obtain
this property for cities skill distributions endogenously. They show that larger cities are skill-abundant and
specialize in skill-intensive industries. While agglomeration force is exogenous given in that paper, Davis
and Dingel (2012) endogenize this human capital externality due to idea exchange. Because of the stronger
human externality in larger cities, they show that skill premia is larger in larger cities. Our paper will not
address the source of agglomeration while we think human capital externality between high skilled managers
who engage in more cognitive tasks is a natural assumption, possibly coming from the force described in
Davis and Dingel (2012) or Duranton and Puga (2004). Behrens et al. (2014) have a model with a system
of cities as well. However, their agglomeration force is a result of standard Dixit-Stiglitz gain from variety.
Agents also sort into different occupations, but they introduce two draws for each agent. One is their innate
talent, the other is serendipity to separate spatial sorting ex-ante and productivity selection ex-post. They
assume that after knowing her talent, agents can freely choose where to live, but agents cannot move after
drawing serendipity. We have a similar assumption, after drawing idiosyncratic preference and innate skill,
agents can freely choose where to live, but they cannot move after that. While all the illuminating papers
above construct models with system of cities as well, we study the endogenous choice of cross-city production
teams with heterogeneous agents, with explicit emphasis on production organizations. That is, the cross-city
organization is a form of linkage between cities we would like to highlight.
Our model is also related to the growing literature on resource allocation and aggregate productivity. Hsieh
and Klenow (2009) discuss China and India’s resource allocation is far from efficient compared to US. Moll
(2014), Midrigan and Xu (2010) study capital market frictions (or financial frictions) resource misallocation.
128
Brandt et al. (2013) focuses factor market distortions in space, time and sectors in China, etc. Our study
explores a new friction that limits labor relocation thus affects aggregate productivity, i.e. communications
costs associated with cross-city organizations. The increase in (measured) aggregate productivity in our
paper is not only directly from the reduction in communications cost, but also from the agglomeration force
among the high skilled. We decompose these two channels in our analysis.
The rest of the paper is organized as follows. Section 3.2 presents the empirical findings. Section 3.3 and
Section 3.10 introduce the model, provide theoretical analysis, and equilibrium properties. Section 3.12
discusses future works and concludes.
3.2 Stylized Facts
3.2.1 Data
Our analysis draws on the Census Integrated Public UseMicro Samples (IPUMS) for 1980, and the American
Community Survey (ACS) for 2010. The IPUMS for 1980 include 5 percent of the US population, and the
ACS samples in 2010 include 1 percent of the population. Our worker sample consists of individuals who
were between age 16 and 64, and who were working in the year preceding to the survey. Residents of
institutional group quarters such as prisons and psychiatric institutions are dropped along with unpaid family
workers. Labor supply is measured by the product of weeks worked times usual number of hours worked per
week. All calculations are weighted by the Census sampling weight multiplied with the labor supply weight.
For our empirical analysis, we also exclude workers in non-tradable services occupations, as our model only
considers tradable sector.135
The geographic unit for our study is the metropolitan statistical areas, or MSAs henceforth. Each MSA
is treated as an independent economy. MSAs are defined by the US Office of Management and Budget;
they consist of a large population nucleus and adjacent communities that have a high degree of social and
economic integration with the core city.
135Autor and Dorn (2013) provides an in-depth analysis on the growth in employment and wage for non-tradable services workers.
See Appendix C.1 for the list of non-tradable services workers.
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3.2.2 Relocation of Skilled Workers
In this section, we establish the stylized facts that between 1980 and 2010, there has been relocation of high
skilled workers from smaller cities to larger cities.
Change in Skill Distributions in Large v.s. Small Cities
To study how spatial redistribution of skills, we first categorize cities into two groups, based on their
population in 1980, and investigate how employment has changed for the period of 1980 to 2010 across
occupations of different skill levels. Following Acemoglu and Autor (2011), we rank skill levels of different
occupations, approximated by the mean log wage of workers in each occupation in 1980.136
Figure 3.1 calculates the change between 1980 and 2010 in the share of employment accounted for by
318 detailed occupations. The vertical axis plots log changes in employment shares. The horizontal axis
represents the 1980 occupation skill percentile rank, measured as the employment weighted percentile rank
of an occupation’s mean log wage in the Census IPUMS 1980 five-percent extract. As shown in Figure
3.1, larger cities experience a larger increase in employment share of high-skilled workers and a larger
decrease the employment share of lower-skilled workers relative to smaller cities.137 This provides evidence
suggesting that there had been relocation of more skilled workers from smaller cities to larger cities between
1980 and 2010.
The analysis reveals the pattern of labor movement for a continuous distribution of skills between the group
of large cities and the group of small cities. We next carry out a complementary exercise to study the
relationship between skill distribution and city sizes.
136Examples of occupations in the lower wage-rank distribution (1-20%tile) include child care workers, waiters and waitresses,
housekeepers, hotel clerks, kitchen workers, and bartenders. Examples of occupations in the middle of the wage-rank distribution
(20-70%tile) include machine operators, shoe repairers and fabric workers, reception and information desk, typists and carpenters.
Examples of occupations in the upper wage-rank distribution (70-100%tile) include CEOs, engineers, architects, financial managers,
software developers, scientists, and accountants
137For this 30-year period, we estimate that large cities undergo a 5% of the employment share of lower-skilled workers, and a 10%
increase in the employment share of high-skilled workers. The corresponding changes in small cities are 3% and 4% respectively.
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Change in Abstract Employment Share with respect to City Sizes
To ascertain that there is indeed a spatial dimension in the evolution of skill distributions, we take a closer
look at the correlation between changes in the skill content of a city and the population. To do so, we
construct a summary statistic that measures relative share of high-skilled workers, following Autor et al.
(2003) and Autor and Dorn (2013). This methodology first considers the skill content of each occupation
and classifies all census occupations as either abstract task-intensive or non-abstract task intensive. We then
compute the share of abstract task-intensive employment for each MSA c in year t, i.e. ASHct . The ASHct
summarizes the aggregate skill level for city c in year t.138
Figure 3.2 relates the shares of abstract-intensive employment in 1980 and 2010 to metropolitan area
populations. The left panel plots this share in each city against the city population in 1980 and 2010; the
right panel plots change in the share of abstract-intensive employment against the city initial population. From
1980 to 2010, larger cities experience a larger increase in the share of abstract task intensive employments.139
This is consistent with the results above, suggesting that there is increasing specialization of skills across
cities.
Change in Share of College Educated with respect to City Sizes
Analyses above show that the larger cities experience greater relative inflow of high skilledworkers, compared
to smaller cities. We confirm this empirical observation, using education as a proxy to measure skill levels.
Figure 3.3 relates shares of employment with college and above eduction in 1980 and 2010 and metropolitan
area populations. The left panel plots this share in each city against the city population in 1980 and 2010; the
right panel plots change in the share of college educated employment against the city initial population. As
shown, larger cities are associated with greater increase in the share of employment with college and above
education, consistent with the analysis using task content of occupations.140
138Appendix C.2 provides more details on the construction of the ASH index.
139OLS regression: 4ASHc,2010−1980 = β0 + β1 · ln(Popc,1980) + c,2010−1980. Estimate for β1 is 0.0318 with standard error
0.0008.




Following Duranton and Puga (2005), we compute a measure for the pattern of specialization of high-skilled
occupations (or managers) across cities of different sizes. We first calculate the ratio of managers to workers





where Nc and Nmanagerc denote overall employment in city c and employment in managers in city c
respectively. The measure is computed as the percentage difference between this ratio and the corresponding
ratio for the entire country.
We then compare the changes in this ratio across city sizes. From Table 3.1, we can see that in both 1980
and 2010, there is a clear ranking by city size, i.e. larger cities house relatively more workers engaging in
high-skilled tasks. For example, in 1980, the largest metro areas had 10.9% more manager-per-worker ratio
than the national average. For MSAs with a current population between 2 to 3 million, the figure was 3.1%
below the national average. At the other extreme, MSAs with less than 500,000 population had 9.9% fewer
manager per worker than the national average.
More importantly, between 1980 and 2010, larger cities had become even more specialized in high-skilled
tasks whereas smaller cities had become more specialized in low-skilled tasks. This pattern is significant.
In 2010, metro areas with more than 3mil population and between 2 to 3mil population had 13.3% and 1.9%
more managers than national average, respectively. On the other hand, the relative number of managers in
the smallest urban areas saw a reduction, to 19.3% below the national level.141
3.2.3 Patterns of Production Process Fragmentation
We next establish patterns of increasing production fragmentation. While this is a well documented trend
in literature (see, e.g., Kim, 1999; Duranton and Puga, 2005; Rossi-Hansberg et al., 2009), we provide
141Similar patterns are observed when using overall employment and alternative definitions based on Census classification of
Production, Managerial and Technical occupations
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additional evidence in this section showing the greater spatial segregation of high and low skilled workers
for the period of 1980 and 2010. In our analysis, managers are defined as those engaging in abstract
task-intensive occupations.142
Spatial Concentration: Isard Index
We first use Isard index to measure the spatial concentration of managers (Krugman, 1991). This index
measures spatial concentration based on the absolute distance between the actual and benchmark employment
distribution. In our analysis, I denotes concentration of managers based on the distance between the local
share of managers and the local employment share for all occupations. If occupations are evenly distributed
across all cities based on overall employment share, the measure would be 0; whereas if all managers are













where Nc and Nmanagerc denote overall employment in city c and employment in managers in city c
respectively.
For the period of 1980 to 2010, it is possible that different cities had also undergone shifts in their sectoral
composition. For example, more skill intensive sectors such as aerospace engineering may become more
concentrated in larger cities compared to sectors that are less skill intensive, which may also generate a
higher concentration of high-skilled occupations in the larger cities. To account for such shifts in sectoral
composition across cities, we adjust the above measure to control for any change in spatial concentration of

















where S denote the total number of industrial sectors in the economy.
142our results are consistent when we use alternative definition based on the Census occupations, in which high skilled workers
are defined as those in Professional, Managerial or Technical occupations (based on 3-digit occ1990 codes).
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Using the improved measure, we find that the Isard index increased from 0.0953 to 0.130 from 1980 to 2010,
indicating an increase in spatial concentration of managers.
Segregation of PMT: Kremer & Maskin Index
Next, we consider another measure developed by Kremer and Maskin (1996), and subsequently used widely
to measure degree of segregation (e.g., Dunne et al., 2002; Liao, 2012).
ρ =
∑
c Nc · (pic − pi)2
N · pi · (1 − pi) ,
where pic = Nmanagerc /Nc , or share of managers in a city c.
This index measures how correlated the employment share of different occupations are within a city. It
is constructed as the ratio of the variance of share of managers across cities to the variance of an agent’s
occupation status (i.e. manager vs. worker) of the total population.143 When ρ = 0, there is no segregation,
i.e. managers and workers are always in the same cities; when ρ = 1, there is complete spatial segregation
of managers and workers.








c Ncs · (pics − pis )2
Ns · pis · (1 − pis )
]
.
Kremer andMaskin (1996) also construct a confidence interval for the segregation index under the assumption
that the sampling errors in the estimates of the variance of employments within and between the cities are
independent. 95% confidence interval of the index of segregation is:
F (N − J, J − 1)0.025
F (N − J, J − 1)0.025 + 1−ρρ
≤ ρ˜ ≤ F (N − J, J − 1)0.975
F (N − J, J − 1)0.975 + 1−ρρ
,
where J = C + S.
143This is equivalent to the R2 value of a regression of share of managers on a series of city dummies
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As shown in Table 3.2, ρ had more than tripled from 1980 to 2010, and the increase was also statistically sig-
nificant. This indicates that managers andworkers had become increasinglymore spatially segregated.
3.3 The Model
In this section, we develop a spatial equilibrium model that generates theoretical predictions consistent with
the set of empirical facts documented in the previous section.
3.3.1 Set-up
There are in total ex ante identical N cities. In the baseline model, we assume that cities are endowed with
a fixed amount of housing supply, owned by absentee landlords. There is a continuum of individuals of
mass L in the economy, with ability z distributed with p.d.f. µ(z). An agent first observes her skill and
selects her occupation as either a manager, or a production worker. The agent then chooses where to live.
Upon her moving to a city, a manager draws a productivity from all N cities. Based on the productivity
draw, a manager sets up a firm, choosing where the production takes place and how many workers to hire.
In our model, production workers have to live in the city where production happens, but not necessarily for
managers. Figure 3.4 is a schematic illustration of the model structure. We go through each step below in
detail.
In this model, agents have two exogenous draws — the skill draw and the productivity draw. The skill draw
generates spatial sorting of agents, while the productivity draws allow cities to have production teams of
differentiated productivities. Empirically, there are frictions to mobility. Following conventional literature
(see e.g., Behrens et al., 2014), we assume free mobility before productivity draw occurs and prohibitive
mobility costs afterwards. Allowing individuals to move after the productivity draw would result in perfect
sorting of productivities across cities, which is clearly counterfactual. On the other hand, our assumption
allows us to model mobility frictions in a parsimonious and tractable way.
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3.4 Preferences
Individuals consume two goods: a homogeneous tradable good, and housing. The total supply of each city
n is fixed at H .144 The utility function is in Cobb-Douglas form:
U (c, h) = α−α (1 − α)−(1−α)cαh1−α,
where c is the consumption of tradable good and h is the consumption of housing.
The indirect utility function, therefore, for a consumer with income wn facing rent pn in city n is:









whereWn is the total income in city n.
3.5 Production and Skills
Individuals, with skills z distributed with p.d.f. µ(z), first select into their occupations. If an agent chooses
to be a production worker, her productivity is assumed to be at a fixed homogeneous level z˜. Therefore,
within a city, all production workers will receive the same wage; across cities, production workers receive
the same indirect utility, i.e.
Vwn = V
w
n′ = v¯ ∀ n, n′,
or
wn/p1−αn = wn′/p1−αn′ . (72)
144For now, we assume that housing supplies are identical across cities.
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Managers differ in their productivities, which aremonotonically related to their skill level z. Thus, amanager’s
income (in expectation) is monotonic related to z. Agents decide their occupations before they choose where
to live. Managers who live in city n can hire workers in city c with the following technology:
ync = anc lβ .
This production technology follows Lucas (1978). It involves two elements: first, variable skills anc , which
can be thought of as “manager’s productivity”; second, β < 1 is an element of diminishing returns to scale,
or the “span of control”. In this setup, each “firm” is comprised of a single manager and l homogeneous
employees.




lβ − wc l,
where τnc is an iceberg cost which reflects the cost of managing workers in different cities. We assume that
τnn = 1 and τnc ≥ 1.
Given anc , a manager chooses the size of her production team, l, to maximize her income. The first-order







Notice that a more productive manager, i.e., high anc , manages a larger production team.
A manager living in city n with a production team in city c has an income of:
pi∗nc = β
β







From this equation, it is straightforward to see that the iceberg management cost τnc lowers managers’
income.
Managers’ productivity, anc , has two components: one fixed component, which is related to the manager’s
innate skill and the city she lives in, denoted by f (Zn, z), and the other is a random draw, denoted by a¯nc .
137
The two components are assumed to enter the manager’s productivity function multiplicatively:
anc = f (Zn, z)a¯nc .
Here a¯nc does not depend on the manager’s innate skill z or the city’s aggregate skill Zn .
3.6 Production Location Choice
A manager who lives in city n draws her productivity a¯nc from N cities. The draws follow Fréchet
distributions, i.i.d. across individuals and cities:145
Pr (Anc ≤ a¯nc ) = e−Tnc a¯−θnc .
Note that support of the above distribution is a¯ ≥ 0.





, to locate the production team. Given distribution a¯nc , we derive the following “fragmentation gravity
equation”, similar in both concept and form to the traditional gravity equation in international trade.














Notice that the summation of all probabilities is 1.
145This is observationally equivalent if we use a joint Fréchet distribution. See Eaton and Kortum (2002), footnote 14, for a
discussion.
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Gnc (x) = Pr (Xnc ≤ x) = Pr (Anc ≤ τncwβc x) = e−Tnc (τncw
β
c )−θ x−θ .
Distribution of X that a city n actually adopts is:
Gn (x) = ΠNc=1Gnc (x) = e
−Φn x−θ .
Probability that city c provides highest x to n is:
Pr[Xnc ≥ max{xns ; s , c}] =
∫ ∞
0






Based on this proposition, it is easy to see that a technological development that drives down cross-city
management cost, τnc , increases the possibility of cross-city group, holding everything else equal. By
WLLN, the production fragmentation gravity equation also gives the fraction of managers living in city n,
locating her production team in city c.
3.7 Manager’s living location choice
Given distribution of productivity draw, we also derive the distribution for managers’ income.
Proposition 9 The income of a manager who is endowed with skill z and lives in city n follows the following
Fréchet distribution with c.d.f.
Pr (pinz ≤ k) = e− f (Zn,z)θΦn [ββ (1−β)1−β ]−θk−θ (1−β) .
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Proof.
Pr (pinz ≤ k) = Pr
β
β
















Anc ≤ ββ (1 − β)1−βτncwβc k1−β/ f (Zn, z)
]
= e− f (Zn,z)
θΦn [ββ (1−β)1−β ]−θk−θ (1−β) .
By properties of Fréchet distributions, the expected income of a manager (z) living in city n is thus:
E[pinz ] = ζ [ f (Zn, z)θΦn]
1
θ (1−β) ,
where ζ is a constant:








Recall that each manager first chooses her location to live and then determines the location to hire workers
to produce. A manager will choose her living location to maximize her indirect utility. Denote by Ψnz , a
manager’s expected utility function is given by:
Ψnz = log{E[pinz ]pn } = const +
1
1 − β log f (Zn, z) +
1
θ(1 − β) logΦn − log pn .
A manager’s problem is therefore to maximize Ψnz .
3.8 Occupation choice
Given z, an agent’s occupation choice is endogenously determined. For efficient allocations, only the most
skilled take up managerial positions. This is directly related to the occupation sorting results from Lucas
(1978).
Lemma 10 There will be a cutoff z∗ such that all agents with z < z∗ become production workers, while the
remaining agents become managers.
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Proof. Suppose not. z1 < z2 but z1 chooses to be a manager while z2 chooses to be a production worker.
Since a manager’s indirect utility is monotonically increasing in z, we have
vm (z1) ≤ vm (z2)
But z1’s occupation choice implies vm (z1) ≥ v¯ then
vm (z2) > vm (z1) ≥ v¯,
i.e. z2 will also choose to be a manager, a contradiction.
3.9 Equilibrium conditions
An equilibrium for a total population of L with skill distribution µ(z) in a set of cities, {n}n=1...N , is a set of
housing prices {pn } and populations µ(z, n), such that:
1. Individuals maximize Equation (70) by their choices of occupation, living location, and (for managers)
size of production team and production location;
2. Housing market clear, i.e. Equation (71) holds.













By Walras’s Law, tradable goods market clears under these conditions.
To fully analyze the characteristics of the equilibrium, we make the following assumptions for the remaining
parts of the paper:
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Assumption 1:
The aggregate city-level skill Zn is given by:
Zn = J (
∫ ∞
z∗
j (z)µ(z, n)dz), (77)
where µ(z.n) represent the distribution of managers with skill z in city n; J (·) is a positive, strictly
increasing function, and j (·) is a positive, non-decreasing function. Zn incorporates both the size of the
manager population and their average skill level in a city n.146
Assumption 2:
The fixed term inmanagers’ productivity, f (Zn, z), are twice-differentiable, and log-supermodular in (Zn, z),
i.e.









, ∀ Z1 > Z2, z1 > z2.
3.10 Spatial Equilibria
3.10.1 Homogeneous Equilibrium
Many spatial models featuring endogenous agglomeration forces have two classes of equilibria: equilibria
in which all cities are identical; and equilibria with heterogeneous cities. So far, we have assumed that
city fundamentals are symmetric. Under this assumption, our model also generates two types of equilibria:
homogeneous vs. heterogeneous.
Homogeneous equilibrium in our model is defined as cities with the same number of managers and the
same city aggregate skill level, i.e. Lmn = Lmn′ and Zn = Zn′ ∀n, n′.147 This implies that wn = wn′, pn =
146Form of Zn adopts the city-level aggregate skill defined in Davis and Dingel (2014).
147We do not distinguish homogeneous and heterogeneous equilibria using city population sizes as in our model, total population
in a city depends on a firm’s production fragmentation decision.
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pn′ and Lwn = Lwn . In another word, all cities are identical. This type of equilibrium is not only empirically
irrelevant, but also not stable, as stated in the following proposition.
Proposition 11 Assuming all cities have the same fundamentals, and that τnc = τ and Tnc = T , homoge-
neous cities cannot exist in a locally stable equilibrium.
We provide the proof for this proposition in Appendix C.3. Intuitively, if we move a small mass of managers
with high skills from one city to another, city aggregate skill level increases, drawing more managers into
the city. For the remaining discussions, we focus on the heterogeneous equilibria.
3.10.2 Cities of Heterogeneous Sizes
We next consider a system of heterogeneous cities. Given the log -supermodularity assumption for f (z, Zn ),
we have the following results.
Proposition 12 There is spatial sorting of managers in which higher skilled managers live in cities with
higher aggregate skills.
Proof. Spatial sorting states that for all z2 > z1 > z∗, if µ(z2, c2) > 0 and µ(z1, c1) > 0, then Z2 ≥ Z1.
µ(z2, c2) > 0 =⇒ ∀c,
1
1 − β log f (Z2, z2) +
1
θ(1 − β) logΦ2 − (1 − α) log p2 ≥
1
1 − β log f (Zc, z2) +
1
θ(1 − β) logΦc − (1 − α) log pc
µ(z1, c1) > 0 =⇒ ∀c,
1
1 − β log f (Z1, z1) +
1
θ(1 − β) logΦ1 − (1 − α) log p1 ≥
1
1 − β log f (Zc, z1) +
1
θ(1 − β) logΦc − (1 − α) log pc
Specifically
1
1 − β log f (Z2, z2) +
1
θ(1 − β) logΦ2 − (1 − α) log p2 ≥
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1
1 − β log f (Z1, z2) +
1
θ(1 − β) logΦ1 − (1 − α) log p1
and
1
1 − β log f (Z1, z1) +
1
θ(1 − β) logΦ1 − (1 − α) log p1 ≥
1
1 − β log f (Z2, z1) +
1
θ(1 − β) logΦ2 − (1 − α) log p2
=⇒ log f (z2, Z2) + log f (z1, Z1) ≥ log f (z1, Z2) + log f (z2, Z1)
Given the log-supermodularity of f (·, ·), it must be that Z2 ≥ Z1.
Due to the spatial sorting of managers, managers with varying skill levels will choose to locate in cities
with different levels of Zn , with the most skilled managers locating in the city with the highest level of Zn .
Label cities in order of the value of their aggregate city-level skill so that Z1 = minn={1...N } Zn . Indifference
between managers and production workers implies that:






This states that in the smallest city, workers must earn the same wage as the income of the lowest-skilled
managers, i.e., those with skill level z∗.
Label z¯n as the highest skill among all managers living in city n. We have Ψn ( z¯n ) = Ψn+1( z¯n ), i.e., the
boundary manager must be indifferent between the two cities. This implies:
1
1 − β log f (Zn, z¯n ) +
1
θ(1 − β) logΦn − (1 − α) log pn =
1
1 − β log f (Zn+1, z¯n ) +
1
θ(1 − β) logΦn+1 − (1 − α) log pn+1
(79)
Given prices {pn }, {wn }, managers’ living locations are determined by the indifference conditions inEquations
(78) and (79). To pin down 2N prices {pn }, {wn }, we have N − 1 indifference conditions for workers by
Equation (72), N housing prices by Equation (71), and one labor market clearing condition in Equation
(80).148
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3.11 A Two-City Simulation
To illustrate the key results from our model, we consider a simple two-city case. Without loss, assume that
City 2 is more skill abundant, i.e. Z2 > Z1. Given the spatial sorting results, skill levels for managers in
City 1 are in [z∗, z¯], and managers in City 2 are in [z¯,∞].149
Our model does not yield closed-form equilibrium conditions; so we rely on numerical simulations to
determine key equilibrium outcomes. Before we present the predictions, we illustrate that our model is able
to produce results consistent with well-established facts about cities.
Figure 3.5 shows the nominal income and utility outcomes for a particular parameterization of our model
in a two-city equilibrium. Agent’s skill, indexed by z, appears on the horizontal axis. We assume for the
numerical simulation that skills are uniformly distributed. Since the spatial allocation of production workers
(z < z∗) is indeterminate due to indifference condition, we order them by ability only for ease of illustration.
Managers (z > z∗) are sorted according to skill because this maximizes their utility. z¯ is the skill of the
manager who is indifferent between the two cities.
The nominal incomes of both workers and managers are higher in the more skill abundant city. This matches
the well-established empirical literature on the urban wage premium (e.g., Glaeser and Maré, 2001 and
Glaeser and Gottlieb, 2009).150 For workers, the higher nominal wages in City 2 may be thought of as a
compensation for the higher housing prices there, so that their utility is kept constant across cities. Managers’
incomes are higher in City 2 due to three reasons. First, there is a composition effect. Given the spatial
sorting of skills among managers, those in the more skill-abundant cities have higher skills that generate
higher income in any location. Second, there is an agglomeration externality. Since more skill-abundant
cities provide greater human capital externalities due to agglomeration effects, managers in City 2 yield
149Equilibrium conditions for the two-city model are specified in Appendix C.5.
150Given the random draws for manager’s productivities, wages for managers can be thought of as either the expected wage or
the average wage observed given a skill level z in each location.
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larger productivity gains and thus higher nominal incomes. Third, there is a compensation effect. Managers
who are indifferent between two cities must have a wage gap that exactly matches the gap in housing prices
between those two cities.
Figure 3.6 shows the pattern of skill premia. It compares the incomes of managers and workers by placing the
wage schedules on a common horizontal axis. The ratio of the wage schedules gives the skill premium of each
manager relative to the workers in the same city. The skill premia are higher in the more skill-abundant city,
matching the novel findings documented in Davis and Dingel (2012). Skill premia are higher in City 2 due
to the combination of composition and agglomeration effects. The differences in inframarginal managers’
skills and the differences in the productivity gain arising from agglomeration externalities are greater than
the compensation effect that lowers the skill premium. Hence, more skill-abundant cities exhibit higher
observed skill premia.
3.11.1 Impacts of increasing production fragmentation
We next illustrate key implications arising from a drop in cross-city management costs, e.g., through an
improvement in communications efficiency. As τ decreases, firms are more willing to break up their
production processes. As illustrated in Figure 3.7, this trend decreases z¯, indicating that the most skilled
managers in City 1 move to City 2 as communications costs drop. Furthermore, consistent with the empirical
observations presented in Section 3.2, as τ decreases, managers relocate from City 1 to City 2; and workers
relocate from City 2 to City 1, as illustrated in Figure 3.8.
We now explore the welfare consequences as τ decreases. Recall that in the standard international offshoring
models, a decrease in communications cost results in an overall efficiency gain but the gain is not shared
among all agents. Consistent with international offshoring models, our model generates overall efficiency
gain due to the greater agglomeration externalities as cities become more specialized, as shown in Figure
3.9.
Crucially, our model of domestic production fragmentation generates very different results on the distribution
of the overall efficiency gain compared to the international offshoring context. As shown in Figure 3.10,
utilities for workers in both cities increase as τ decreases. Figure 3.11 illustrates that managers’ utilities
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also increase across all skill levels. The increase in managers’ utilities is larger for managers with higher
skill levels, and also for managers living in the more skill-abundant city. These two results show that as
cities get more specialized due to domestic production fragmentation, there is a Pareto improvement for all
agents.
In addition, Figure 3.12 shows that housing prices decreases in City 1 and increases in City 2 as cities become
more specialized due to domestic production fragmentation. As τ decreases, the total income in less skill
abundant cities decrease while that in the more skill abundant ones increase. As an agent’s utility is given
by wn
p1−αn
, this implies that the real wage inequalities are smaller than the nominal wage inequalities across
cities, as τ decreases.
3.12 Conclusion
In conclusion, this paper documents empirical facts on the changing spatial distribution of U.S. labor force.
During 1980 and 2010, there has been relocation of skilled workers and occupations across the US cities.
Big cities attract more skilled and become more specialized in abstract intensive occupations. This trend
coincides with the growing spatial segregation of managers and production workers. Based on these facts,
we develop a model of production fragmentation in a system-of-cities setting with heterogeneous agents.
Our model differentiates from other literature in similar system-of-cities setting given our explicit emphasis
on firms’ organization structure, and cross-city production team formations. The model reveals the role
of falling communications cost in shaping firms’ production fragmentation decisions and generates novel
predictions on skill relocation, wage changes and welfare consequences across cities. Future research should
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Figure 3.1: Change in Employment Share by Occupational Skill Rank: 1980 - 2010
Source: Census IPUMS 5 percent samples for year 1980 and Census American Community Survey (1
percent) sample for 2010. All occupation in these samples refer to prior year’s employment. The figure
plots log changes in employment shares by 1980 occupation skill percentile rank using a locally weighted
smoothing regression (bandwidth 0.8 with 100 observations) where skill percentiles are measured as the
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Figure 3.2: Change in Abstract Employment Share with respect to City Sizes
Source: Census IPUMS 5 percent samples for year 1980 and Census American Community Survey (1
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Metropolitan Log Population in 1980
Figure 3.3: Share of Employment with College Education vs. City Sizes
Source: Census IPUMS 5 percent samples for year 1980 and Census American Community Survey (1
percent) sample for 2010.
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Figure 3.4: Schematic illustration of the model structure





















Figure 3.5: Two-City Equilibrium: Wages and Utility
Note: z ∼ U (0, 1), α = 0.75, β = 0.5, θ = 6, L = 2, H = 1, τ = 1
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Figure 3.6: Two-City Equilibrium: Skill Premium
Note: z ∼ U (0, 1), α = 0.75, β = 0.5, θ = 6, L = 2, H = 1, τ = 1
Figure 3.7: Two-City Equilibrium: Skill Redistribution



























City 1 City 2
Figure 3.8: Two-City Equilibrium: Labor Relocation























Figure 3.9: Two-City Equilibrium: Aggregate Labor Productivity
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Figure 3.10: Two-City Equilibrium: Utility of Workers







































Figure 3.11: Two-City Equilibrium: Utility of Managers



















City 1 City 2
Figure 3.12: Two-City Equilibrium: Housing Prices
Note: z ∼ U (0, 1), α = 0.75, β = 0.5, θ = 6, L = 2, H = 1
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3.14 Tables
Local Pop Management against production (%)
1980 2010




Greater than 3,000,000 +10.9 +13.3
Table 3.1: Increasing Specialization of US cities
Year ρ˜ Confidence Interval
1980 0.0088 (0.0084 0.0090)
2010 0.0286 (0.0277 0.0295)
Table 3.2: Segregation Index in 1980 and 2010
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Appendix A. Chapter 1 Supplementary Figures & Tables
A.1 Data and stylized facts
A.1.1 Construction of measures for division of labor
In the data exercise, I measure division of labor by the heterogeneity of occupations that are involved in the
actual production within an establishment. The baseline definition for division is labor is the number of
non-managerial/supervisory occupations codes within an establishment. As an alternative definition, I also
consider a normalized measure of the diversity of the occupation codes.
I construct the two measures by first removing occupation codes that are related to managerial or supervisory
functions within an establishment.151 My goal is to identify, out of the 2,544 6-digit CBO codes, the ones
that most likely involve managerial or supervisory tasks, from the occupation descriptions.152 To implement
this in a principled manner, I leverage the Latent Dirichlet Allocation (LDA) method (Blei et al., 2003), a
widely-used topic modeling technique in machine learning, to infer a collection of “topics” or “themes” from
the occupation descriptions. Using LDA, I first learn a list of “topics” across all code descriptions, where
each “topic” can be represented with a collection of keywords. Next, I identify all “topics” that contain
words that are derivatives of “manage” and “supervise”. Finally, with each occupation code along with its
description associated with as a mixture of underlying “topics”, I remove all occupation codes that have a
more than 50% distribution of identified “topics” related to “manage” and “supervise”.153 This leaves, in
total, 1821 occupation codes in the dataset across all establishments.154 For simplicity of exposition, I drop
the adjectives and refer to these non-managerial/supervisory occupations as occupations henceforth.
151The purpose of this step is to identify occupations that are directly involved in the production process, so that the empirical
measure is more consistent with the theory.
152The complete CBO 6-digit codes and the corresponding descriptions can be downloaded from the Brazilian Ministry of Labor
website: http://www.mtecbo.gov.br/cbosite/pages/pesquisas/BuscaPorCodigo.jsf.
153See Figure A.1 for an illustration of the procedure.
154As a robustness check, I follow Caliendo et al. (2015c) and separate the employees within an establishment into four vertical
hierarchical layers, based on their level of authority. I then remove all occupations codes at the top three layers (which correspond
to firm owners, senior management and supervisors, respectively), and only consider the occupation codes at the bottom layer. All
results are robust to this alternative construction.
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Stage 1: Preprocessing / Translation
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Figure A.1: Removing managerial / supervisory occupations using the LDA technique
For the alternative measure, I account for the difference in distribution of workers across occupations. To
do so, I construct a “specialization index”, which is defined as one minus the Herfindahl index across
occupations within an establishment. Formally, let o represent an occupation at the 6-digit CBO level, the
specialization index for establishment j with the set of occupation codes O is calculated as:








where l j (o) and l j denote the number of workers employed in occupation o and the total number of workers
in establishment j, respectively. Large values of Nj indicate higher degree of division of labor and small
values of Nj indicate lower degree of division of labor.
A.1.2 Additional results for stylized facts
Using the baseline measure of the number of occupations within an establishment, there may exist a
mechanical relationship between division of labor and the size of the establishment, as larger establishments
tend to have more occupations. To address this concern, I consider the alternative definition, i.e., the
168
specialization index.155 Using the measure that is not directly related to the establishment size, the results
remain qualitatively similar to the baseline results, for both correlation analyses.
Dependent variable Specialization index
All tradable Export intensive Mono-estb firms Cardboard
(1) (2) (3) (4) (5)
Log (city size) .02*** .0106*** .0106*** .0097*** .012***
(.0008) (.0021) (.002) (.0016) (.003)
Controls No Yes Yes Yes Yes
Obs 304503 304503 115449 284592 43102
R-sq .095 .537 .539 .526 .515
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include state and
sector FEs. Establishment-level controls are establishment size and skill intensity within the firm. City-level controls are share
of high-skilled workers, average wage, sector diversity, and the size of local sectoral employment. Occupations are measured
by 6-digit Brazilian CBO codes. Sectors are measured by 5-digit Brazilian CNAE codes. Homogeneous sectors include
corrugated and solid fiber boxes, white pan bread, carbon black, roasted coffee beans, ready-mixed concrete, oak flooring,
motor gasoline, block ice, processed ice, hardwood plywood, and raw cane sugar (Foster, Haltiwanger and Syverson, 2008).
Table A.1: Correlation of the establishment’s normalized division of labor and city size
Dependent variable Log no. of occupations
No. of intermediate inputs G3 export share
All tradable Mono-estb firms All tradable Mono-estb firms
(1) (2) (3) (4) (5) (6)
Log (complexity) .0388*** .0386*** .0382*** 2.162*** .311*** .2207***
(.0046) (.0022) (.0022) (.1996) (.0678) (.0634)
Controls No Yes Yes No Yes Yes
Obs 304503 304503 284592 304503 304503 284592
R-sq .044 .555 .561 .046 .553 .558
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a city FE.
Occupations are measured by 6-digit Brazilian CBO codes. Sectors are defined at 4-digit Brazilian CNAE codes.
Table A.2: Correlation of the establishment’s normalized division of labor and complexity
Next, I consider the possibility that establishments in larger cities are better at recording their employee’s
occupations accurately. To address this concern, I study the number of occupations within establishments at
the 4-digit level. As shown in Tables A.3 and A.4, though lower in the values of the estimates, the positive
correlations remain strong.
Lastly, I divide establishments into deciles and study the correlation between firms’ division of labor and city
155Recall it is defined as one minus the Herfindahl index across occupations in an establishment.
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Dependent variable Log no of occupations within an establishment
All tradable Export intensive Mono-estb firms Cardboard
(1) (2) (3) (4) (5)
Log (city size) .0479*** .0197*** .0204*** .0188*** .0146***
(.0032) (.0034) (.0034) (.0028) (.0099)
Controls No Yes Yes Yes Yes
Obs 304503 304503 115449 284592 4123
R-sq .132 .832 .825 .845 .87
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include state and
sector FEs. Establishment-level controls are establishment size and skill intensity within the firm. City-level controls are share
of high-skilled workers, average wage, sector diversity, and the size of local sectoral employment. Occupations are measured
by 6-digit Brazilian CBO codes. Sectors are measured by 5-digit Brazilian CNAE codes.
Table A.3: Correlation of the establishment’s division of labor (measured at 4-digit level) and city size
Dependent variable Log no. of occupations
No. of intermediate inputs G3 export share
All tradable Mono-estb firms All tradable Mono-estb firms
(1) (2) (3) (4) (5) (6)
Log (complexity) .1065*** .1108*** .1105*** 9.056*** 1.488*** 1.713***
(.0181) (.0041) (.0042) (.807) (.16) (.1612)
Controls No Yes Yes No Yes Yes
Obs 304503 304503 284592 304503 304503 284592
R-sq .046 .847 .841 .053 .845 .839
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a city FE.
Occupations are measured by 6-digit Brazilian CBO codes. Sectors are defined at 4-digit Brazilian CNAE codes.
Table A.4: Correlation of the establishment’s division of labor (measured at 4-digit level) and complexity
size across different groups. This would partially address the problem of not observing informal workers
within establishments. Based on ECINF (the Urban Informal Economy Survey), the share of informal
workers is negatively correlated with firm size. As shown in Table A.5, the correlation remains positive
for all deciles, suggesting that the result is unlikely driven by differences in informal employment across
space. Furthermore, the elasticity between division of labor and city size tends to be greater for larger firms,
indicating that the interaction between firms’ division of labor and city size may be stronger for larger firms.
This pattern is consistent with the theoretical results.
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Dependent variable: Log no of occupations within an establishment
1st decile .0005*** 6th decile .0324***
(.0001) (.0026)
2nd decile .0045*** 7th decile .0366***
(.001) (.0033)
3rd decile .0145*** 8th decile .0472***
(.0014) (.0039)
4th decile .0186*** 9th decile .0502***
(.0018) (.0046)
5th decile .0253*** 10th decile .045***
(.0022) (.004)
Standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include state and
sector FEs, and city-level controls including share of high-skilled workers, average wage, sector diversity, and scale of the
sector within cities. Occupations are measured by 6-digit Brazilian CBO codes. Sectors are measured by 5-digit Brazilian
CNAE codes.
Table A.5: Correlation of the establishment’s division of labor and city size, by decile
A.2 Theory Appendix
A.2.1 Microfounding the production function
In this section, I follow Costinot (2009) and develop a microfounded production function that generates
log-supermodularities between division of labor N and firms’ complexity draw z, and between division of
labor N and sector-level complexity cs .
Production technology
In sector s, for each firm z, a continuum of complementary tasks t ∈ [0, cs ] must be performed to produce 1
unit of the output. cs is an exogenously given parameter, shared by all firms producing in sector s. A higher
value of cs denotes a more complex production technology, as it requires more tasks to be completed before
the output can be produced.
Production follows a Leontief production technology:
Qsz = min
t ∈[0,cs ]
qs (t, u)du (81)
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where qs (t, u) is the output for task t ∈ [0, cs ].
There are increasing returns to scale in the performance of each task. Prior to any production, the worker
would need to spend time learning how to perform the tasks assigned to her. The output of worker i
performing task t is given by
Q(i, τ, z) = l (i, τ, z) − f (t, z),
where l (i, t, z) is the time worker i allocates to perform task t, and f (t, z) is the time necessary to learn how
to perform task t. Note that f (t, z) depends on task t and firms’ complexity draw z.
I can normalize the tasks such that all tasks are identical. This implies that the learning cost per worker,
f (t, z), is also constant across all tasks and can thus be denoted by f (z). I further normalize the training
costs such that f (z) = z. The worker-level training cost involved in producing at least 1 unit of output in
firm z is thus equal to ∫ cs
0
z dt = zcs .
Across sectors, the more complex a production process (i.e., higher cs), the more tasks someone must learn.
Within a sector across firms, the more complex a product (i.e., higher z), the longer it takes for someone to
learn any single task.
Optimal contracts
Given the costly training cost, workers who know how to perform a task should perform it as many times as
possible. This implies that all workers specialize in one set of tasks, which I call an “occupation.” Addi-
tionally, worker productivity depends on the number of tasks included in an occupation. More specifically,
a marginal decrease in the number of tasks included in an occupation increases the time available for actual
production. However, this increase is larger for occupations with more tasks. Since profit maximization
requires that marginal changes in workers’ productivity be equalized across occupations, it also requires that
each occupation include the same number of tasks. Since each occupation consists of csN tasks, the training
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cost per worker is therefore zcsN . This leaves each worker i
1 − zcs
N
units of time available for production. The worker productivity is therefore given by,




The result in Equation (82) reflects the key argument of Rosen (1983). Worker productivity is maximized
when N is infinite, and every worker only learns an infinitesimal task. In other words, if there is no
coordination cost, efficiency requires that each skill be used as intensively as possible. Furthermore, it
is straightforward to see that using this production process, A(N, z, cs ) meets the conditions specified in
Assumption 1—A(N, z, cs ) is increasing in N , and is log-supermodular in (z, N) and (cs, N).
A.2.2 Microfoundation for the complementarity between N and L
In this part, I present two ways to microfound the complementarity between division of labor N and city size
L. The first one argues that larger cities provide better infrastructure—in particular, ICT infrastructure—that
reduces the costs of greater division of labor. The second focuses on the learning advantage in larger cities.
It is relatively cheaper for firms with greater division of labor to train their workers in larger cities.
Local infrastructure provision
I first focus on the ability for larger cities to provide better public infrastructure. This is one of the most
classic agglomeration externalities that justify the existence of cities (see Duranton and Puga, 2004, and
Fujita and Thisse, 2013 for a review). Following Henderson (1974), I assume there is a class of local
land developers. Land developers fully tax local landowners. They, in turn, invest the tax revenue in local
infrastructure to attract firms. Land developers also play a coordination role, setting up cities on potential
sites where they find profitable to do so, by announcing a city size L and a level of infrastructure investment,
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I. Their revenues correspond to the profits made in the housing sector, i.e. piH (L) = (1− η)Lw(L). Due to
competition and free entry, land developers that invest less than piH (L) will not attract any firm to the city;
whereas developers that invest more to attract firms will make negative profits. Therefore, in equilibrium,
the optimal level of investment in L is
I(L) ≡ (1 − η)Lw(L) = ((1 − η)L) 1η w¯, (83)
where I(·) denotes the optimal level of investment. Using Equation (83), it can be readily seen that I(·) is
an increasing function of the city size, L.
Note that the result in Equation (83) is stronger than the necessary condition to derive the positive correlation
between division of labor and city size, which only requires that the aggregate level of infrastructure be
greater in larger cities. However, under certain conditions, the provision of public infrastructure in Equation
(83) is the socially optimal level.156
Next, I assume that there is complementarity between city infrastructure, I, and firms’ division of labor, N .
Better infrastructure, e.g., ICT infrastructure such as faster internet, improves communication within a firm,
making coordination among specialized workers more efficient. Since I is an increasing function of city
size, L, the log-supermodularity between I and N implies the log-supermodularity between L and N .
Alternative microfoundation for the complementarity between N and L
I present an alternative way to microfound the complementarity between firms’ division of labor N and city
size L. The main idea follows Marshall (1890), who argues that a larger market facilitates learning, perhaps
by providing better technologies or a better environment for knowledge sharing or idea exchange. This allows
workers to pursue a more specialized set of skills that reduce the cost of training.
156This is argued in Henry George Theorem (Arnott and Stiglitz, 1979), which claims that public expenditure on non-rival
public infrastructure equals aggregate land rent when the population size of a city is optimal. Alternatively, the same outcome
can be achieved using voting as an alternative decision-making mechanism to determine the location and the level of local public
infrastructure. Given individual mobility within the city and competitive housing land prices, the optimal level of infrastructure
provision I(L) is unanimously selected by consumers through voting if the local government implements a housing tax equivalent
to housing rent. See Fujita and Thisse (2013) for details.
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For simplicity, I discuss the single-sector case here.157 I normalize sector-level complexity cs = 1 for all
firms. To produce any good, all tasks in [0, 1] needs to be completed within a firm. Firms hire workers,
whose productivity depends on their level of human capital.
Human capital of workers has two dimensions, intensive human capital b and extensive human capital
K = 1N .158 K is a measure of the breadth of a worker’s skills, and b represents the depth of a worker’s
skills, which can be interpreted as the efficiency units supplied by a worker. Following Caliendo and Rossi-
Hansberg (2012), I assume that the cost of acquiring human capital, γw(L), is proportional to the wage in
the city, since learning requires teachers in the schooling sector who earn w(L). Learning thus requires γ
units of a teacher’s time at wage w(L). Since workers are ex ante identical, in equilibrium, the additional
pay to workers over w(L) must equal the learning costs. The total wage that workers receive from the firm
is thus given by:
worker wage = (1 + γ)w(L).
Following conventional literature (see, e.g., Kim, 1989), I assume that the cost of acquiring human capital is
convex in both intensive and extensive human capital. Formally,
γb > 0, γK > 0,
γbb > 0, γKK ≥ 0, γbK > 0.
where the subscripts refer to partial derivatives.159
The cost of knowledge acquisition also depends on the city-wide availability of intensive and extensive
human capital, denoted by b(L) and K(L), respectively.160 Importantly, b(L) is defined by the aggregate
157Results with multiple sectors are very similar to single-sector case, though the derivation is messier and requires an additional
assumption, which I discuss below.
158This assumption states that the more specialized workers are (i.e., larger N), the lower the level of extensive human capital.
159The first set of assumptions says that the cost of acquiring human capital is an increasing function of the level of both intensive
and extensive human capital. The second set of assumptions says that the marginal costs are also increasing functions.
160The assumption builds on the idea that learning, in general, is more efficient when there is more knowledge available in the
local labor market. See Davis and Dingel (2014) for theoretical discussion and De la Roca and Puga (2017) for empirical evidence
on this assumption.
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volume of intensive human capital available in city L, and K(L) is defined by the superset of the collection




b(i) di; K(L) = sup{K (i)}i∈L,
where i denotes a worker living in city L.
To produce any good, all tasks must be completed. Therefore, the set of extensive human capital available,
K(L), is the same everywhere, denoted by K¯. In other words, the marginal cost of pursuing extensive
knowledge is unrelated to city size, i.e., γKL = 0.
On the other hand, the aggregate level of intensive human capital, b(L), is increasing in city size. In other
words, all else equal, larger cities have a comparative advantage in pursuing intensive knowledge,161
γbL < γKL = 0.
With no search friction or information asymmetry in the model, I can combine the choice of human capital
acquisition as part of the firm’s problem, i.e. firms choose both N and b to maximize profits, given the
learning costs γ associated with its choice of (N, b). The firms’ production function is given by
Q = A(N, z, cs )bl, (84)
where A(N, z, cs ) denotes worker productivity and b denotes the level of intensive human capital that a
worker hired in z has.
The firm’s problem is therefore
max
N,b,L




A(N, z, cs )b
(1 + γ(N, b, L))w(L)
)σ−1
RPσ−1. (85)
161The case for multiple sectors is slightly more complicated. In that case, it is possible that larger cities consist of firms producing
in multiple sectors. Hence,K(L) may also vary by city size. However, so long as the elasticity ofK(L) with respect to L is smaller
than that of b(L)—which can be proved true under regularity conditions—we still get back the same results.
176
It is straightforward to prove that the profit function is log-supermodular in (N, b, z, L). Using the classic
theorem of monotone comparative statics in Topkis (1978), if the firm chooses b optimally, given (N, z, L),
the resulting profit function would be log-supermodular in (N, z, L), and in (N , L). The intuition is simple.
Given γbK > 0, I have γbN < 0—i.e., the marginal cost of acquiring intensive human capital b for firms
with greater division of labor is lower. Given, γbL < 0, the marginal cost of acquiring intensive knowledge
is lower in larger cities. Combining these two assumptions, when b is optimally chosen, firms with higher N
benefit more from being in larger cites due to the lower learning costs there, leading to the complementarity
between N and L in the profit function. I can, therefore, define the coordination cost in Equation (6) as
H (N, L, b) ≡ b
1 + γ(N, b, L)
.
When b is optimally chosen, H (N, L) displays log-supermodularity in (N, L).
A.2.3 Proofs
This section presents the proofs to the propositions and lemmas discussed in the main text. The proof for
Proposition 7 is included in Section A.2.7.
Lemma 1
Proof. Taking log of Equation (10),
log pis (z, L, N ) = constant + (σs − 1) [log H (N, L) + log A(N, z, cs ) − logw(L)]
Taking partial derivatives with respect to its arguments, I get
∂ log pis
∂z









































The last two inequalities come from Assumptions 1 and 2.
Lemma 2
Proof. Using the result from Lemma 1, applying the implicit function theorem to the first-order condition,
∂ log pis (z,L,N )
∂N = 0, and invoking the second-order condition,
∂2 log pis (z,L,N )
∂N2



















The last result shows that when Ns (L) is optimally chosen, it is also increasing in the sector complexity cs .
Lemma 3
Proof. By Proposition 4.3 of Topkis (1978), I can invoke the property that supermodularity continues to
hold when some arguments of a function are chosen optimally. That is, if pis (z, L, N ) is log-supermodular in
(z, L, N ), then log pis (z, L) ≡ maxN log pis (z, L, N ) is supermodular in (z, L).
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Proposition 4
Proof. By Lemma 3, log pis (z, L) is supermodular in (z, L).







In another word, if z2 has higher profits in L1 than in L2, so does z1. Necessarily,
L∗s (z1) > L∗s (z2).
Under technical assumptions, L∗s (z) is a strictly increasing function. Since the set of z is convex and
A(z, N, cs ) is such that the profit maximization problem is concave for all firms, the optimal set of city
sizes is itself convex. It follows that L∗s (z) is invertible. It is also locally differentiable (using the fact that
A(z, N, cs ) is differentiable). The implicit function theorem applies, and I have
dL∗s (z)
dz









Proof. Within a sector, Ls (z) is strictly increasing in z (from Proposition 4). Therefore, if Ls (z) = Ls (z′),
then we know z > z′. For simplicity, I denote Ls (z) and Ls (z′) by L and L′, respectively.
From Lemma 2, within a sector s, Ns (z, L) is increasing in z and L. I get Ns (z, L′) > Ns (z′, L′). And since
L > L′, I get Ns (z) > Ns (z′). For simplicity, I denote Ns (z) and Ns (z′) by N and N ′, respectively.
Profit is proportional to A(Ns (z, L), z)H (Ns (z), L). Under the assumption that ∂A(N,z)∂z > 0, i.e. firm profit
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is increasing in z, we have
A(N ′, z) > A(N ′, z′)
=⇒ A(N ′, z)H (N ′, L′) > A(N ′, z′)H (N ′, L′)
=⇒ pis (z, N ′, L′) > pis (z′, N ′, L′)
where the last inequality comes from the fact that firms face the same wage in the same city.
Finally, pis (z, N, L) > pis (z′, N ′, L′) as N and L are the profit maximizing choices for z. Therefore, I get
pis (z) > pis (z′). Since revenue is proportional to profits, I obtain rs (z) > rs (z′).
Lastly, wage is proportional to size of the city. Hence ws (z) > ws (z′), if Ls (z) > Ls (z′).
Proposition 6
Proof. My argument follows the proof of Proposition 7 in Gaubert (2016). The proof covers both the case
of the baseline assumption of the model (continuity and convexity of the support of z and L), and the case
where the set of cities is exogenously given, and in particular discrete.
Denoted by Z : L × C → Z the correspondence that assigns to any L ∈ L and c ∈ C a set of z that
chooses L at equilibrium (i.e. the matching function). Define z¯(L, c) = maxz {z ∈ Z(L, c)} as the maximum
complexity level of a firm that chooses city size L in sector s characterized by cs . To prove the results
Proposition 6, I first prove the following three relevant lemmas.
Lemma 13 log pi is supermodular with respect to the triple (z, L, c).
Recall logs pi is defined as:
log pis (z, Lc ) = log H (N, L) + log A(N, z, cs ) + constant
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where the signs of inequalities are directly implied from Lemma 2, Assumption 1 and the assumption that
firm-level complexity benefits firms in more complex sectors more, i.e. ∂
2 log A
∂cs∂z
≥ 0. Lemma 13 follows
directly.
Note that this result does not reply on an assumption on the convexity of L. Checking the cross partials
is sufficient to prove the supermodularity even if L is taken from a discrete set, as pi can be extended
straightforwardly to a convex domain, i.e. the convex hull of L.
Lemma 14 log pi(z, cs ) is supermodular in z and cs .
The lemma can be obtained directly from the supermodularity of log pi with respect to (z, L, cs ) and L is
optimal city size that a firm z in sector s characterized by cs chooses.
Lemma 15 z¯(L, cs ) is increasing in cs .
The lemma can be obtained directly from the supermodularity of log pi with respect to (z, L, cs ).
Using a classical theorem in monotone comparative statics, if log pi(z, L, cs ) is supermodular in (z, L, cs ), as
proven in Lemma 13, and L∗(z, cs ) = maxL log pi(z, L, cs ), then for all cH > cL ,
(cH, cH ) ≥ (cL, cL ) =⇒ L∗(zH, cH ) ≥ L∗(zL, cL )162
162Note that everywhere, the sign ≥ denotes the lattice order on R2.
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Define
F˜ (L, cs ) = Pr(Firm from sector s is in a city of size smaller than L)
= F ( z¯(L, cs ))
where F (·) is the distribution of z of the firms in the sector. For any z ∈ Z,
L∗(z, cH ) ≥ L∗(z, cL )
In particular, fix a given L,
L∗( z¯(L, cL ), cH ) ≥ L∗( z¯(L, cL ), cL ) = L.
Because L∗(z, cH ) is increasing in z, it follows that
z ∈ Z(L, cH ) =⇒ z ≤ z¯(L, cL ) =⇒ z¯(L, cH ) ≤ z¯(L, cL ).
I thus have
F ( z¯(L, cH )) ≤ F ( z¯(L, cL ))
and that F (L, c) is increasing in c. This directly implies the first-order stochastic dominance of the geographic
distribution of a high c sector versus that of a low c sector.
A.2.4 Instability of a homogeneous equilibrium
Proposition 16 If agglomeration benefits are sufficiently strong relative to congestion costs, a homogeneous
equilibrium cannot coexist in a locally stable equilibrium
Proof. In a homogeneous equilibrium, all cities have the same size L and a symmetric distribution of firm
types. Consider two cities, L1 = L2. Without loss of generality, consider perturbations of size  > 0moving
workers from city 1 to city 2. Since pis (z, L) is log-supermodular, the highest-z firms in city 1 have the
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most gain from a move and it is sufficient to consider perturbations of size  in which all firms in the range
[z( ),∞] move from city 1 to city 2. Since an interval of the highest-complexity firms, accompanied by





2 = L2 +  and L
′
1 = L1 −  . The homogeneous equilibrium is only stable with respect to
this perturbation only if
log pis (z( ), L2) − log pis (z( ), L1) ≤ 0
=⇒ [log As (Ns (z( ), L2), z( )) + log H (Ns (z( ), L2), L2)]−
[log As (Ns (z( ), L1), z( )) + log H (Ns (z( ), L1), L1)]
≤ 1 − η
η
L2 − 1 − η
η
L1
This inequality is violated whenever z and the complementarity between N and z or between N and L is
sufficiently high relative to η.
A.2.5 Properties of the heterogeneous equilibrium
In heterogeneous equilibria, Equation (19) characterizes the set of city sizes that necessarily exists in spatial
equilibrium, i.e. no firms or workers would be better off by deviating from the optimal choices of city sizes.
While the optimal city sizes are determined by the matching function, the density of different city sizes is
obtained through the local labor market conditions, i.e. population living in a city of size L must equate to
the total labor requirements from all firms that choose to locate in city L. Given that city-size is a continuous
variable, it is easy to consider the cumulative distribution function for the city-size distribution fL (·). Local
labor market clearing condition dictates that, for all L > L0 (where L0 = inf (L), denoting the smallest city
size in the equilibrium) ∫ L
L0






ls (z)dFs (z). (86)
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I can then obtain the city-size distribution fL (·) by differentiating Equation (86) with respect to city size L











where 1s (L) is an indicator function, taking the value of 1 if sector s has firms in city L and 0 otherwise.
Equation (87) gives an explicit expression for the distribution of city-sizes. Given the distribution of firm
complexities, the equilibrium distribution of city size fL (·), as shown in Equation (87), is unique. I get the
following result:
Proposition 17 The equilibrium city-size distribution fL (·) is unique.
Next, I discuss the stability of the heterogeneous equilibrium. Similar to the stability discussion for the
homogeneous equilibrium, I prove the stability of the heterogeneous equilibrium through a perturbation
exercise. Fix the set of equilibrium cities as well as the set of firms located in each cities. Consider a city.


















I get wage w(L) as a function of L. Recall that worker indirect utility is given by:
U (L) ∝ w(L)ηL−(1−η)
The equilibrium is stable if worker utility decreases if a small mass of individuals move away from the city.
Note that I do not need to consider firms as firms are already maximizing their profits by locating in city L.
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From Equation (18), and the assumption that w
′(L)
w (L) L >
1−η
η , I get,
L
[






< −1 − η
η
< 0
A contradiction to Equation (88). I get the following result:
Proposition 18 The heterogeneous equilibrium distribution of city size fL (·) is stable.
A.2.6 General equilibrium quantities
I now solve for the full set of general equilibrium quantities. The general equilibrium variables remaining to
be determined are the aggregate revenues in the traded goods sector R, the mass of firms Ms and the sectoral
price indexes Ps . To solve for the 2S + 1 variables, I need 2S + 1 equations, as specified below.
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A.2.7 Impacts of reduction in coordination costs
In the baseline model, I assume symmetric fundamentals. An exogenous improvement in ICT infrastructure,
I, changes the fundamentals in those cities. I denote the change by ∆I. For cities that undergo the
infrastructure improvement, ∆I > 0; for the remaining cities, ∆I = 0. Additionally, I also separate the
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effects of city infrastructure on the costs of worker specialization from other mechanisms.163 I re-write firms’
original profit function as
pis (z, L, N ) = κs
(




where H˜ (N,I(L), L) ≡ H (N, L) denotes the costs of division of labor, I(L) is an increasing function of L,





s is a sector-level constant.
In response to an improvement in city infrastructure, firms’ profit function is now,
pis (z, L, N ) = κs
(




Given Assumption 1, there is complementarity between city infrastructure and division of labor, i.e. the
marginal cost of division of labor is decreasing in I or
∂2H
∂N∂I > 0.
I start by discussing the short-term partial equilibrium effect of the exogenous change. In the short term, I
fix the current locations of firms and workers. I first show the proof to Proposition 7.
Proposition 7







163Recall that other mechanisms include, but are not restricted to, the learning advantages in larger cities as discussed in Appendix
A.2.2.
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When there is an exogenous increase in I, ∂ logH∂N goes up, or the marginal cost of N , − ∂ logH∂N , decreases.










To re-equalize, the first order condition must go down. Given the second order condition, the first order
condition decreases as N increases. Therefore an exogenous improvement inI increases the extent of worker
specialization N .
Results in Lemma 2 state that the optimal level of Ns (z, L) is increasing in (c, z, L). I can also rewrite the
optimal division of labor as a function of the ICT infrastructure and city size,
N˜s (z,I(L), L) ≡ Ns (z, L).
There are two things to note: (i) N˜s (z,I(L), L) is also increasing in I; (ii) Ls (z) is in itself an increasing
function of z and cs from Proposition 4 and Lemma 13. Since I(L) is a function of city size, I(L) is also
increasing in z and cs . Therefore, when L is optimally chosen, N˜s (z) displays complementarity in (z,I)
and (cs,I). Intuitively, when z or cs increases, it not only increases N directly, but also indirectly through
L and I(L). When there is an improvement in city infrastructure I, which reduces marginal cost of N at
the city level, the change in N is higher for larger N , or ∂
2 N˜s (z)
∂I∂z > 0 and
∂2 N˜s (z)
∂I∂cs > 0. The intuition is again
straightforward, given the complementarity between N and (cs, z), the reduction in marginal cost benefits
firms with higher cs and/or z more, therefore the change in N is higher for high (cs, z) firms.
Lastly, given Proposition 4, high-z firms locate in larger cities. Therefore, firms located in a larger city would
increase N more if they experience an exogenous change in the level of city infrastructure.
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In the longer term, firms can relocate across cities in response to the exogenous change in the city infras-
tructure. When firms’ local labor demand changes, workers move across cities, resulting in changes in the
equilibrium city-size distribution.
Corollary 19 In equilibrium, an improvement in ICT infrastructure in a city increases the city size, and the
level of division of labor, revenue and profit within firms in that city.
Proof. In the long term, the exogenous change in ICT infrastructure would cause firms to re-optimize their
location choices. Re-writing the optimal city size in Equation (18) by incorporating the change in city
infrastructure, I get,
H˜L






Given the complementarity between N and z, and between N and I, there is positive assortative matching
between z and I. Denoted by z∗s (L,I(L)) the firm type z in city L. In the text, I show that within a sector,
z∗s (L,I(L)) is strictly increasing in L. Consider two cities of the same size L, assume without loss that City
1 receives the new city infrastructure, given the complementarity, the equilibrium firm complexities in the
two cities is,
z1∗s (L,I(L) + ∆I) > z2∗s (L,I(L)).
When there is an increase in I, higher-z firms, with their higher willingness to pay for the local labor, would
enter into the city. By law of demand, the increase in local labor demand would drive up the local wages. This
has two consequences: (i) the more expensive labor cost would price out lower-z firms originally located in
the city; and (ii) given the spatial indifference condition, the higher local wages would attract more workers
into the city, according to the equilibrium wage function,
w(L) = w¯[(1 − η)L] 1−ηη .
In the long-run equilibrium, cities receive the new infrastructure would be occupied by firms with higher
complexity draws. Since firms’ division of labor, profit and revenue are all increasing in z, I get that the
level of division of labor, revenue and profit within firms would all increase. The city size would increase,
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and the local workers would receive higher wages.
A.3 Quantitative Appendix
A.3.1 Moments and identification
Geographic distribution of firms
The first set of moments I use is the share of sectoral employment that falls into one of the four city-size bins.
City-size bins are obtained by ordering cities by their sizes and creating bins using the threshold cities with
less than 25%, 50% and 75% of the overall sectoral workforce. They describe the geographic distribution of
economic activities at the sector level and hence give information on the density of firms located in different
city sizes. Therefore, they help to identify the distribution of firm complexities, i.e., νz .
Firm-size distribution
The second set of moments is the share of firms that fall within the five bins of normalized firm labor
payment. These bins are defined by the 25, 50, 75 and 90th percentiles of the distribution of firm sizes
measured in labor payment. The firm-size distribution is affected by the distributions of firm complexities
and firm-city-size idiosyncratic shocks. These five moments allow me to identify νL and νz separately.
Intuitively, νz affects the relative quantiles of the firm-size distribution both indirectly, through the matching
function, and directly, through the distribution of firm complexity z. In contrast, νL only affects the relative
quantiles directly, through the matching function.
Increases in the average firm size and division of labor across city sizes
To measure increases in the average firm size and division of labor across city sizes, I consider 8 moments
(4 each), i.e., the average firm size measured in labor payment and the average firms’ division of labor
within each quartile of city size. These two sets of moments contribute to the identification of α—the
reduced-form agglomeration externalities—separately from (c, θ), which jointly determine the sorting of
firms across space. As city size increases, firm productivity increases through both α and (c, θ). However,
the two channels differ importantly in two ways. First, there is an interaction between firm complexity and
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city size through (c, θ), which pushes the productivity up more than α, since the latter does not interact with
firm complexities. Second, I also observe firms’ division of labor. (c, θ) can only increase firm productivity
through division of labor, whereas α increases firm productivity directly and does not affect firms’ division
of labor. The two sets of moments work together to help me separate α from (c, θ).
Within-city variations in firms’ division of labor
To summarize within-city variations in firms’ division of labor, I use the variance of firms’ division of labor
in each quartile of city sizes. These four moments help to separately identify c and θ. Given a city size,
the impact of city size on division of labor is the same for all firms there. I can, therefore, identify the
complementarity between division of labor and complexity (i.e., c) using the within-city variation in firms’
division of labor, relative to that in firm complexities. Intuitively, all else equal, small changes in firm
complexity would generate large variation in division of labor, if the complementarity is strong.
A.3.2 Estimation procedure
To estimate χs = {α, c, θ, νz, νL }s , I use a method of simulated moment (Gourieroux et al., 1993). The
estimation is done for each sector separately. For each sector, I first construct a set of artificial Brazilian
firms. Following Eaton et al. (2011), I draw a large sample of firms, 100,000 firms for each sector, to
reduce the sampling variation in my simulation. Note that the number of simulated firms does not bear any
relationship to the number of actual Brazilian firms. Firms operate as the model tells them, given some initial
values of χs . In particular, I follow Gaubert (2016) and make firms choose optimal production location from
400 bins of normalized city sizes.164 I then calculate the moments generated by the simulated economy. The
steps are repeated until a find a set of moments that minimize the distance between the set of data moments
and simulated moments, using the following criterion:
χˆs = argmin (ms,data − ms,sim ( χs ))′J (ms,data − ms,sim ( χs ))
164This restriction imposes 400 discrete choices of optimal city size for firms. Even though the choice set is exogenously given,
the equilibrium city-size distribution is determined endogenously.
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The estimation follows the steps below:
1. I fix two set of random seeds from a uniform distribution on (0,1): one 100,000 for the firms; and one
100,000 × 400 for the firm-city-size-specific idiosyncratic shocks.
2. Given νz and νL , I use the random seeds to produce 100,000 realizations of firm complexities and
100,000 × 400 realizations for the idiosyncratic shocks.
3. For each city size, I use Equation (11) to calculate the optimal division of labor N∗.
4. For each city size, I plug N∗ into Equation (29), to obtain the maximized firm productivity.
5. Based on the maximized firm productivity for each city bin, firms make a discrete choice of city size,
according to Equation (30).
6. I then compute the 21 moments described in Section 1.4.2.
7. I repeat Steps 1-6 to find parameters that minimize the objective function in Equation (31), using the
particle swarm optimization (PSO) method (Kennedy and Eberhart, 1995).
A.3.3 Estimation results
Figures A.2 to A.6 compare the actual moments with simulated moments for the target set of moments.
Figures A.7 and A.8 compare the actual moments with simulated moments for the two sets of non-targeted
moments.
A.4 Empirics Appendix
A.4.1 Details of PNBL
Brazil enacted its National Broadband Plan (PNBL) in 2010, thought a presidential decree. The objective
of the PNBL is to promote and disseminate the use of ICT to the lower-density and less-developed areas
of Brazil. Until 2010, the distribution of broadband connections has been extremely uneven, closely
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Figure A.2: Distribution of employment across cities
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Figure A.3: Distribution of firm labor payment
(Actual moments: solid red line; simulated moments: dashed blue line)
telecommunication companies.165 The private companies invested in the costly infrastructure only in highly
165As of 2008, Brazil had 10 million fixed broadband lines in operation, out of which 63.7% were provided by its two biggest
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Figure A.4: Average labor payment by city size
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Figure A.5: Average division of labor by city size
(Actual moments: solid red line; simulated moments: dashed blue line)
developed where the population could afford the high service fees. This gap in broadband deployment
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Figure A.7: Rank correlations of complexity measures
deployment adoption. In 2009, the first draft of the PNBL was released. The government proposed
an investment amounting to US$41.9bil, of which US$27.2 billion from telecommunications operators
and US$14.72 billion from government spending including tax cuts. After 6 months of discussion and
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Slope using simulated data: -1.05 (.0017). Slope using actual data: -.99(.014)
Figure A.8: City size distribution
created PNBL.
A major initiative for the PNBL is the expansion of broadband backbone infrastructure. To implement
this, Decree nr 7.175 addressed the recreation of the state-owned operator Telebras, which would build
its own infrastructure or use other government-owned telecommunications infrastructure assets and other
infrastructure for example roads or power grid lines. The expansion of the backbone infrastructure was given
a budget of $720mil USD.166
Telebras has been working with other companies and government organizations to expand the broadband
backbone network in Brazil. As of 2014, the new broadband backbone extension, consisting mainly of
optical fiber network, had reached 48,000km. The network now covers most of the country’s states, and
more importantly, improves the connectivity of regions which are otherwise too costly to receive broadband
backbones. The fixed broadband connections in Brazil has increased from 15mil in 2010 to 22.5mil in 2014,
as shown in Figure A.9.
166These government-owned telecommunications assets refer to fiber optic networks owned by government-owned companies
Petrobras and Eletrobras, which cover many parts of the country and have a considerable amount of underused capacity.
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Figure A.9: Growth of fixed broadband connections in Brazil
A.4.2 Broadband backbones and deployment technology
Figure A.10 shows the supply chain of broadband internet in Brazil. The delivery of internet corresponds
to four groups of major infrastructures. Listed in increasing order of “downstreamness” (and decreasing
order of capacity), these four types of infrastructures are: submarine cables providing national / international
connectivity, a national “backbone” of high-capacity (typically fiber optics) cables connecting submarine
cables to the heartland of Brazil, smaller (usually radio or fiber) cables connecting national backbone
to metropolitan base stations, and the “last-mile" infrastructure, consisting of fiber optic cables, wireless
networks, coaxial cables and traditional telephone networks, to connect end users (Knight, 2016). In the
analysis, I focus on the national backbone infrastructure. These are high-capacity fiber optic cables running
from the coastal submarine landing points to the inland regions.
Since backbones use most exclusively fiber optic cables, there is a limit to its transmission range before losing
all the data. The optimal length for each stretch is about 75 km (IGIC, 2004). The transmission distance is
then extended by placing a device, called a repeater, at the end of the stretch to boost the signal. Putting in
the repeater is costly, and there is a limit to the number of repeaters that can be placed because it becomes
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Figure A.10: Broadband Supply Chain
no longer cost effective to do so. In general, up to four repeaters are implemented, making the maximum
distance 400 km.
A.4.3 Robustness tests
In this section, I detail the robustness tests I run for the regressions in Section 1.5, as specified by Equations
(33), (34) and (35).
I start by showing the pre-trends using the specialization index as the alternative definition for division of
labor. As shown in Figure A.11, the paths of growth over time between the treatment and control groups are
almost identical to each other before the treatment, similar to the trends depicted in Figure 1.8. The trends
started to converge after the treatment, showing the effects of new broadband infrastructure on division of
labor within establishments.
Next, I present the results when I change the radius around the backbone network used to define connection
status. In Table A.8, I show how the results change when the radius used to define connectivity is varied.
In all cases, the results remain qualitatively and quantitatively similar to those in Table 1.6. This shows
that the estimated effect of better ICT infrastructure is not sensitive to the definition of connectivity used.
In addition to confirming that the estimated effect is not sensitive to varying the distance, the findings in
Table A.8 are useful because they reduce concerns one might have about potential violations of the Stable
Unit Treatment Value Assumptions (SUTVA), which could lead to underestimation (if, e.g., establishments
relocate) or overestimation (if, e.g., establishments in untreated areas suffer from fast internet access in the
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neighboring areas) of the effect of broadband internet access. Note that no significant effect of broadband
internet access on the relocation of firms are found when I investigate this possibility directly.
Next, I vary the samples used for the regressions in several ways. I first exclude multiple-establishment firms
to account for the possibility that firms relocate their resources across different establishments in response
to the new ICT infrastructure. As shown in Table A.9, The results are essentially unchanged.
While I argue in Section 1.5 that the alignment of the broadband backbones is exogenous conditional on
observables as they follow the alignment of existing infrastructure, the locations for the origin and destination
locations may be chosen endogenously, in anticipation to potential changes in certain economic outcomes
in those locations. To account for the possible violation of the identifying assumption, I drop these terminal
locations. The results, shown in Table A.10, the results are not sensitive to excluding establishments in
locations where the new national backbone starts or ends.
Submarine cable landing points, in addition to being on the coast, are also typically in or near large cities.
If such places were on a different trend in the outcomes of interest before the new backbones are introduced,
I may incorrectly attribute an estimated treatment effect to the availability of the new broadband network.
In Table A.11, I exclude, from my sample, all establishments in locations closer than 100 kilometers from a
landing point. The results remain robust.
Going by the similar logic, areas that had broadband access before PNBL tend to be larger or more densely
populated cities. These places may also grow along a different path than other locations. To account for
this, I drop all the establishments in locations that had already been connected to the broadband network
before PNBL in 2009. As shown in Table A.12, the baseline regression results continue to hold. The
coefficients to test the heterogeneity in the treatment across cities and sectors are less precisely estimated,
while still remaining positive. The latter regressions lack power because that more than half of the sample
is dropped.
In Table A.13, I restrict attention to connected locations and thus estimate the effect of better internet in
the sub-sample consisting only to eventually treated establishments. In this case, the comparison group
for establishments in a year when a location became connected to a new backbone cable consists of other
establishments in the same year but in locations that did not have the new cable at that time. I thus prefer
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my baseline approach as outlined earlier to the one used in Table A.13, but it is nonetheless reassuring that
the estimated effect of access to broadband network to various establishment-level variables, if anything, is
bigger in magnitude and remains significant when only establishments in connected locations are included
in the sample.
For the next three robustness tests, I drop from the sample establishments located in areas that may grow
on a different path from the other firms. In Table A.14, I exclude establishments that are either very near
(<10th percentile) or very far (>90th percentile) from the backbone network. In Table A.15, I only consider
establishments in urban areas by dropping establishments located in microregions with a density lower than
400 persons/km2.167 In Table A.16, I drop establishments in very large cities.168 The results are robust to
all three tests.
In Table A.17, I separate firms into two groups based on their sectoral share of exports. This is to account
for the possibility that the results are driven by more export-oriented firms. As shown in the table, baseline
results hold for both types of establishments.
The alignment of the new broadband backbones was announced in 2010. It is possible that establishments in
the treated locations had anticipated the impending new infrastructure and started adjusting their organization
structures prior to the actual implementation of the new backbones. If this was true, I may underestimate
the true effects of the new infrastructure on division of labor. In Table A.18, I drop the observations in 2010
and 2011. The estimates remain essentially the same as the baseline results.
Results in Table A.19 control for municipality-specific linear trends. Including these restrictive controls have
remarkably little effect on the magnitude and significance of the estimated effect of access to broadband on
establishment-level variables of interest. In Table A.20, I include two lead variables of Backbone j t . The
estimates on the two leads are zero, supporting the assumption of parallel trends.
There may also be potential concerns about spatial correlation in the error term. Cameron and Miller (2015)
note that failure to account for such dependence may lead to over-rejection of the null hypothesis. To address
this concern, I follow Conley (1999) to allow for serial correlation over all time periods, as well as spatial
167This is based on World Bank’s definition for urban versus rural areas
168“Very large cities" are defined as the top 10-percentile of the microregions in terms of city size.
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correlation among establishments that fall within 100km of each other. As shown in Table A.21, the results
are robust when I account for possible spatial correlation.
Lastly, a concern in DiD analysis is that serial correlation can bias standard errors, leading to over-rejection
of the null hypothesis of no effect (Bertrand et al., 2004). I follow Chetty et al. (2009) to address this concern
through a non-parametric permutation test for β = 0 in Equation (33). To do so, I sample from the set of
true broadband backbone implementation years observed in the data and assign a randomly chosen “fake"
treatment time to each municipality while maintaining the alignment of the new backbones thus keeping each
observation’s connectivity status. Defining G(βp ) to be the empirical cumulative distribution functions of
these placebo effects, the statistic 1 − G(β) gives a p-value for the hypothesis that β = 0. Intuitively, if the
new broadband backbones had a significant effect on the number of occupations, the estimated coefficient
for β should be in the upper tail of estimated placebo effects. Since this test does not make parametric
assumptions about the error structure, it does not suffer from the over-rejection bias of the t-test. Figure A.12
illustrates the empirical distributions of placebo effects G for βˆ from performing the permutation tests 4000
times. The vertical lines denote the effect of new broadband backbone to treated areas. The implied p-values
are 0.001 and 0.005, for division of labor measured by the log number of occupations and specialization
index, respectively. These are very similar to the estimates from the t-tests as reported in Table 1.6.
Separately, I also consider the specification, in which I incorporate both interaction terms into a single
regression equation. More specifically, I run
log Nj t = α+βBackbone j t+γBackbone j t×log Lc ( j ), t0+υBackbone j t×log cs( j ), t0+δ j+δt+θm( j )×t+ε j t .
(98)
As shown in Table A.6, the results remain qualitatively very similar to the baseline estimates in which I sepa-
rately identify the interaction effects of the treatment with city size, and with sector-level complexity.
Robustness tests: Figures and Tables
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t -.0017 -.001 .0092 .0112
(.0041) (.0033) (.0081) (.0084)
Backbone j t × log Lct0 .0089*** .0075*** .0138*** .0138***
(.0008) (.0008) (.0034) (.0034)
Backbone j t × log cst0 .021*** .002* .005** .003***
(.0032) (.001) (.002) (.001)
Obs 777096 777096 777096 777096
R-sq .854 .854 .718 .719
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%.
All regressions include a constant term, establishment and year FEs.
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Figure A.12: Distribution of placebo estimates
This figure shows a non-parametric permutation test of β = 0. I sample from the set of true broadband backbone implementation years observed in
the data, assigning a randomly chosen “fake" time to each location with equal probability while maintaining each observation’s backbone connectivity
status. The figure depicts the empirical cdf of estimates resulting from permuting trajectories 4,000 times and running Equation (33) on the fake
datasets. The vertical lines represent the true estimates; where these fall in empirical cdf of estimates from datasets with permuted trajectories
implies their p-values. The implied p-values are 0.0022 for the log number of occupations and 0.011 for the specialization index. These can be
compared to 0.007 and 0.000 from Table 1.6.
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Radius: 100km
Backbone j t .0072*** -.0009 -.0007 -.0029 .0562*** -.0003 .0447*** .0513***
(.0025) (.0027) (.0037) (.0029) (.0158) (.0107) (.013) (.0148)
Backbone j t × log Lct0 .0095*** .014***
(.0009) (.0035)
Backbone j t × log cst0 .0125*** .0046*** .0141*** .0059***
(.0033) (.0013) (.0043) (.0013)
Radius: 200km
Backbone j t .0108*** -.0011 .0002 .0053* .0722*** .0005 .0606*** .0674***
(.0026) (.0029) (.0037) (.003) (.0173) (.0099) (.0144) (.0164)
Backbone j t × log Lct0 .0084*** .0136***
(.0008) (.0035)
Backbone j t × log cst0 .0131*** .0043*** .0143*** .0061***
(.0031) (.0012) (.0044) (.0013)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .853 .853 .853 .854 .716 .717 .716 .716
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.7: Broadband connection and division of labor, connection radius 100km and 200km
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Radius: 300km
Backbone j t .0146*** .0033 .0041 .0096*** .0973*** .0267*** .0851*** .0925***
(.0031) (.0033) (.004) (.0034) (.0191) (.0084) (.0162) (.0181)
Backbone j t × log Lct0 .0076*** .0136***
(.0008) (.0035)
Backbone j t × log cst0 .0131*** .004*** .0151*** .0062***
(.0031) (.0012) (.0043) (.0013)
Radius: 400km
Backbone j t .0098** -.0037 -.0004 .005 .0869*** .0234** .0749*** .082***
(.0047) (.005) (.0053) (.005) (.0193) (.0104) (.0164) (.0184)
Backbone j t × log Lct0 .0081*** .0127***
(.0008) (.0039)
Backbone j t × log cst0 .0128*** .004*** .015*** .0063***
(.003) (.0012) (.0045) (.0014)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .853 .853 .853 .854 .716 .718 .717 .717
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.8: Broadband connection and division of labor, connection radius 300km and 400km
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0128*** .0022 .0021 .0097*** .088*** .0114 .0744*** .0829***
(.0029) (.0031) (.0039) (.0033) (.0173) (.0089) (.0141) (.0163)
Backbone j t × log Lct0 .0072*** .0147***
(.0008) (.0035)
Backbone j t × log cst0 .0132*** .0021 .017*** .0068***
(.0032) (.0013) (.0047) (.0015)
Obs 721629 721629 721629 721629 721629 721629 721629 721629
R-sq .851 .851 .851 .851 .713 .715 .713 .714
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment
and year FEs.
Table A.9: Broadband connection and division of labor, only mono-establishment firms
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0107*** .0003 -.0003 .0051 .0846*** .0091 .0714*** .0793***
(.0029) (.0032) (.0039) (.0033) (.0171) (.0085) (.014) (.0161)
Backbone j t × log Lct0 .0067*** .0147***
(.0008) (.0034)
Backbone j t × log cst0 .0137*** .0041*** .0165*** .0069***
(.0032) (.0013) (.0045) (.0014)
Obs 738702 738702 738702 738702 738702 738702 738702 738702
R-sq .853 .853 .853 .854 .715 .717 .715 .715
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.10: Broadband connection and division of labor, excluding origin and destination cities
206
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0104*** .0026 -.0058 .0068* .062*** .0113 .0548*** .0585***
(.0032) (.0041) (.0042) (.0037) (.0072) (.0074) (.0065) (.0069)
Backbone j t × log Lct0 .0038*** .011***
(.0013) (.0017)
Backbone j t × log cst0 .0207*** .0026* .0092*** .0048***
(.0035) (.0014) (.0028) (.0009)
Obs 606294 606294 606294 606294 606294 606294 606294 606294
R-sq .85 .85 .85 .85 .719 .72 .719 .72
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment
and year FEs.
Table A.11: Broadband connection and division of labor, excluding locations within 100km of submarine landing points
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0159*** -.0022 -.0081 .0135*** .0456*** .0299*** .0429*** .0428***
(.0044) (.0052) (.0056) (.005) (.0071) (.008) (.0066) (.0068)
Backbone j t × log Lct0 .0086*** .0034*
(.0014) (.002)
Backbone j t × log cst0 .0314*** .002 .0036 .0037***
(.0044) (.0018) (.0031) (.001)
Obs 388539 388539 388539 388539 388539 388539 388539 388539
R-sq .847 .847 .847 .847 .72 .72 .72 .72
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.12: Broadband connection and division of labor, dropping establishments that were connected to the broadband network before PNBL
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0144*** .0031 .0032 .009*** .0923*** .0184** .0797*** .0873***
(.0027) (.003) (.0037) (.0031) (.0181) (.0083) (.0152) (.0172)
Backbone j t × log Lct0 .0077*** .0141***
(.0008) (.0033)
Backbone j t × log cst0 .0139*** .004*** .0156*** .0064***
(.0031) (.0012) (.0043) (.0013)
Obs 764541 764541 764541 764541 764541 764541 764541 764541
R-sq .854 .854 .854 .854 .717 .719 .717 .717
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.13: Broadband connection and division of labor, including only establishments that were eventually treated
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0164*** .0067 .0037 .0104** .1112*** .0068 .0935*** .1043***
(.0041) (.0043) (.0052) (.0045) (.0223) (.0134) (.0196) (.0215)
Backbone j t × log Lct0 .0066*** .02***
(.001) (.0014)
Backbone j t × log cst0 .0154*** .0043*** .0216*** .0085***
(.0039) (.0016) (.0046) (.0013)
Obs 450792 450792 450792 450792 450792 450792 450792 450792
R-sq .862 .862 .862 .862 .716 .719 .716 .716
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment
and year FEs.
Table A.14: Broadband connection and division of labor, excluding establishments that are very near or far from the backbones
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0311*** .0311*** .0199*** .0278*** .1429*** -.0049 .1292*** .1394***
(.0039) (.0039) (.0058) (.0043) (.0357) (.0293) (.0352) (.0355)
Backbone j t × log Lct0 .0114*** .0221***
(.0017) (.0057)
Backbone j t × log cst0 .0123** .0022 .015*** .0037***
(.0048) (.0016) (.0042) (.0011)
Obs 372726 372726 372726 372726 372726 372726 372726 372726
R-sq .857 .857 .857 .857 .709 .711 .709 .71
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.15: Broadband connection and division of labor, excluding establishments located in rural areas
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0124*** -.004 -.0019 .0086*** .0648*** .0226*** .0575*** .0614***
(.0028) (.0033) (.0039) (.0033) (.0013) (.0024) (.0016) (.0014)
Backbone j t × log Lct0 .009*** .0086***
(.0011) (.0004)
Backbone j t × log cst0 .0182*** .0028** .0093*** .0046***
(.0033) (.0013) (.0013) (.0005)
Obs 705861 705861 705861 705861 705861 705861 705861 705861
R-sq .85 .85 .85 .85 .72 .721 .72 .721
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment
and year FEs.
Table A.16: Broadband connection and division of labor, excluding establishments located in very large cities
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Export-intensive industries
Backbone j t .0182*** .0146*** .0064 .023*** .0964*** .0212** .0756*** .0864***
(.0047) (.005) (.0058) (.0051) (.0177) (.0093) (.013) (.0152)
Backbone j t × log Lct0 .0027** .014***
(.0013) (.0028)
Backbone j t × log cst0 .0149*** .0051** .0263*** .0092***
(.004) (.0021) (.0064) (.0027)
Obs 307872 307872 307872 307872 307872 307872 307872 307872
R-sq .857 .857 .857 .857 .72 .722 .721 .721
Others
Backbone j t .0131*** .0012 .0027 .0077** .0905*** .0052 .0581*** .0478***
(.0036) (.0038) (.0049) (.0039) (.0116) (.0095) (.0164) (.0125)
Backbone j t × log Lct0 .0093*** .02***
(.0009) (.003)
Backbone j t × log cst0 .0193*** .0042*** .0198*** .0087***
(.0037) (.0012) (.0064) (.0012)
Obs 469224 469224 469224 469224 469224 469224 469224 469224
R-sq .818 .818 .818 .819 .68 .68 .68 .681
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.17: Broadband connection and division of labor, separating firms based on export intensity
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0141*** .0016 .0022 .0081** .0864*** .0092 .0734*** .0812***
(.0031) (.0034) (.0043) (.0036) (.0176) (.0084) (.0145) (.0166)
Backbone j t × log Lct0 .0086*** .0147***
(.001) (.0034)
Backbone j t × log cst0 .0148*** .0045*** .0161*** .0068***
(.0036) (.0014) (.0046) (.0014)
Obs 604408 604408 604408 604408 604408 604408 604408 604408
R-sq .846 .846 .846 .846 .702 .704 .703 .703
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and
year FEs.
Table A.18: Broadband connection and division of labor, excluding observations in Year 2010 and 2011
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0151*** .0021 .0106*** .0891*** .0789*** .0851***
(.0026) (.0036) (.003) (.0183) (.0158) (.0175)
Backbone j t × log cst0 .0159*** .0033*** .0125*** .0051***
(.0031) (.0012) (.0039) (.0012)
Obs 777096 777096 777096 777096 777096 777096
R-sq .854 .854 .855 .718 .718 .719
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a
constant term, establishment and year FEs.
Table A.19: Broadband connection and division of labor, with microregion-specific trend
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Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6)
Backbone j t .0127*** .0122*** .0126*** .0855*** .0843*** .0849***
(.0047) (.0045) (.0047) (.017) (.0169) (.0171)
Lead j, t−1 -.0043 -.004 .0098 .0094
(.0029) (.0027) (.04) (.039)
Lead j, t−2 .0021 .0034
(.0028) (.0022)
Obs 777096 777096 777096 777096 777096 777096
R-sq .853 .853 .853 .717 .717 .717
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%, ***1%. All
regressions include a constant term, establishment and year FEs.
Table A.20: Broadband connection and division of labor, with lead controls
Dependent variable Log (No of occs) Specialization index
(1) (2) (3) (4) (5) (6) (7) (8)
Interm. inputs G3 exp share Interm. inputs G3 exp share
Backbone j t .0127*** .0015 .0015 .0074 .0855*** .0116 .0728*** .0805**
(.0049) (.006) (.006) (.005) (.036) (.0102) (.034) (.039)
Backbone j t × log Lct0 .0077*** .0141***
(.0016) (.0065)
Backbone j t × log cst0 .0139*** .004* .0156* .0064***
(.0047) (.0021) (.0084) (.0022)
Obs 777096 777096 777096 777096 777096 777096 777096 777096
R-sq .853 .853 .853 .854 .717 .718 .717 .717
Conley standard errors in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term, establishment and year FEs.
Table A.21: Broadband connection and division of labor, with Conley Standard Errors
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A.4.4 Impacts of PNBL on other variables
In this subsection, I present the effects of the new broadband infrastructure on other outcome variables.
(1) (2) (3) (4)
Interm. inputs G3 exp share
Dependent variable Share of managers
Backbone j t -.0114*** -.0087*** -.0072*** -.0085***
(.0007) (.0007) (.001) (.0008)
Backbone j t × log Lct0 -.001***
(.0001)
Backbone j t × log cst0 -.0011*** -.0001
(.0003) (.0003)
Obs 777096 777096 777096 777096
R-sq .731 .731 .731 .732
Dependent variable Skill intensity
Interm. inputs G3 exp share
Backbone j t .0543*** .0667*** .0389*** .0621***
(.0009) (.001) (.0009) (.001)
Backbone j t × log Lct0 .0081***
(.0002)
Backbone j t × log cst0 .0194*** .0061***
(.0007) (.0004)
Obs 777096 777096 777096 777096
R-sq .628 .63 .629 .629
Robust standard errors clustered by municipality in parentheses. Significance levels: * 10%, ** 5%,
***1%. All regressions include a constant term, establishment and year FEs. High-skilled workers
are defined as those with some college education and above.
Table A.22: Impacts of broadband backbone on share of managers and skill intensities within establishment
A.4.5 Long-run impacts of PNBL
To evaluate the long-run general equilibrium impacts of the new policy, I adopt the following steps:
1. I fixed the aggregate number of workers, the set of firm-city-size specific idiosyncratic shocks, the
distribution of firm complexities, and the number of cities in each city bin.
2. I first calibrate the local increase in ICT infrastructure using the estimated model, to match the
reduced-form estimate in Secton 1.5 on the impact of the new infrastructure on firms’ division of labor.
3. From the spatial equilibrium estimated using the actual economy, I inject the infrastructure improve-
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Dependent variable Population Migration of workers No. of firms Relocation of firms
(1) (2) (3) (4)
Backbone j t .0258 .0711 .0148*** .04
(.0287) (.0566) (.0024) (.1018)
Obs 5022 3618 5022 1062
R-sq .987 .716 .986 .225
Robust standard errors clustered by city in parentheses. Significance levels: * 10%, ** 5%, ***1%. All
regressions include a constant term, city and year FEs.
Table A.23: Impacts of broadband backbone on migration of workers and firms
ment to city sizes that receive the new infrastructure.
4. I recompute the optimal choices of city size by firms, taking into account the new infrastructure.
5. As the mix of firms within a city bin varies, the total labor demand for a given city size also changes.
Since the number of cities in each city bin is fixed, the changes in that total local labor demand for a
given city size would increase or reduce the size of each city bin.
6. The change in city size feeds back to firms’ production functions, affecting the local productivity and
labor costs. I then recompute the optimal choices of city size by firms, taking into account the change
in city size.
7. I iterate Steps 3-5, until I get a fixed point of this procedure in city sizes. The new city-size distribution
defines the counterfactual economy.
Dependent var Log change in no. of estb Log change in city size Log change in estb pdty
(1) (2) (3)
Backbone .0743*** .0751*** .0951***
(.0011) (.0033) (.002)
Obs 558 558 558
R-sq .923 .571 .432
Significance levels: * 10%, ** 5%, ***1%. All regressions include a constant term.




Figure A.13: Actual v.s. Predicted city-level average change in firms’ division of labor
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Appendix B. Chapter 2 Supplementary Figures & Tables
B.1 Derivation of analytic results
B.1.1 System in changes
Here we derive a system of four equations that we will use in our analytic exercises to study the impact of
infinitesimal changes in NDr , N Ir , and Aro on changes in factor allocations and occupation wages. We use
lower case characters, x, to denote the log change of any variable X relative to its initial equilibrium level:
x = d ln X .
Log-differentiating equation (44) we obtain












is the cost share of factor k in occupation o output in region r . Log differentiating
equation (45), we obtain





Combining equations (46) and (47) and log differentiating yields
lkro = θw
k






+/- + nkr . (101)
Combining equations (100) and (101) yields


















so that the log change in domestic relative to immigrant occupation wages is common across occupations,
and denoted by
w˜r ≡ wDro − wIro for all o.
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Log differentiating equation (43), we obtain





(α − η) pyjo + ηpj + y j
]
, (102)
where Sxr jo ≡
Proτr joYr jo
ProQro
is the share of the value of region r’s output in occupation o that is destined for














is the share of the value of region r’s absorption within occupation o that originates
in region j and Smro ≡
∑
j,r Smjro is regions r’s import share of absorption within occupation o. Combining









The previous expression and equation 102 yields













+/- + ηpj + y j
 .
Log differentiating equation (37) and using equation (45) we obtain

























+/- + ηpj + y j
 . (103)
We can use equations (99), (100), (101), and (103) to solve for changes in employment allocations lkro ,
occupation wages wkro , and occupation prices pro for all r , o and k. In order to compare changes in
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employment across occupations, it is useful to log differentiate equation (46),






which, together with equation (101), yields







B.2 Proofs and comparative statics for Sections 2.3.1 and 2.3.3: closed economy
Deriving equations (49)-(53). If region r is autarkic—τr jo = ∞ if j , r for all o—then the share of r’s
output that is exported to and absorption that is imported from other regions is zero—Sxr jo = S
m
r jo = 1 if
r = j and Sxr jo = S
m
r jo = 0 otherwise—and, therefore, r’s import share of absorption is zero within each






ro = −η (pro − pr ) + yr . (105)
The system of equations is given by equations (99), (100), (101), and (105). Equation (105) can be expressed
as















The previous expression and equation (100) yield

















































+/- = nIr − nDr , (107)


























+/- = nIr − nDr . (109)

































































































































































(θ + η) + θ (η − 1) ∑o (piDro − piIro ) aro






piIr j − piDr j
)
SIr j . (114)

















(θ + ρ) η + θ (ρ − η) (1 − zr )
and
Ψar =
θ (η − 1)
(θ + ρ) η + θ (ρ − η) (1 − zr )




























































Equations (99) and (116) yield
pro − pro′ = −w˜r
(
SIro − SIro′









which simplifies to equation (50) if aro = aro′. Equation (102) (setting Sxr jo = 0 for all j , r and p
y
ro = pro
in the closed economy) and the previous expression yield















which simplifies to equation (49) if aro = aro′. Combining the previous two expressions with lpro =
pro + qro yields







(η − 1) (θ + 1)
θ + η
(aro − aro′)
which simplifies to equation (51) if aro = aro′.
Equation (116) for natives (and (117) for immigrants) yields equation (53). Equations (101), (104), and (53)
yield
nkro − nkro′ =
θ + 1
θ + η







(η − 1) (aro − aro′)
























+/- + nkr .
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Signing Ψnr . Here, we prove that
Ψnr =
θ + η






piIr j − piDr j
)
SIr j .
The numerator of Ψnr is weakly positive. We consider two cases: (i) ρ ≥ η and (ii) ρ < η. In the first case,
we clearly have Ψnr ≥ 0, since zr ≤ 1.









≤ zr . Order occupations such that
o ≤ o′ ⇒ SIro ≤ SIro′.






piDro for all j ∈ O. (118)





































We now prove that inequality (118) is satisfied for all j ∈ O. We first prove by contradiction that inequality
(118) is satisfied for j = 1. Suppose that piIr1 > pi
D
r1, violating condition (118). If O = 1, where O is
the number of occupations, then we have a contradiction since
∑
o∈O pikro = 1 for all k. Hence, we must
have O > 1. Then, since
∑








ro , violating equation (119). Hence, we have shown that we must have
piIr1 ≤ piDr1. We next prove by contradiction that if inequality (118) is satisfied for any occupation j < O,















ro . This implies piIr j+1 > pi
D















ro = 1 for all k implies that there must exist a j ′ > j + 1
such that piIr j′ < pi
D

























ro . Combining these two steps,
we have proven that condition (118) holds by mathematical induction. As shown above, this implies that
zr ≥ 0. And, again as shown above, zr ≥ 0 implies Ψnr ≥ 0.
Signing Ψar . Here, we prove that Ψar > 0 ⇐⇒ η > 1. The denominator of Ψar is strictly positive, since
zr ≤ 1 and ρ, θ, η > 0. The numerator of Ψar is positive if and only if η > 1.
Comparative statics assuming aro = ar . First, we show that qro − qro′ converges to zero when η limits
to zero and that the absolute value of qro − qro′ is increasing in η. Equation (49) and the definition of w˜r
imply











qro − qro′) = 0.
It also implies
d






(θ + ρ) η + θ (ρ − η) (1 − zr )
(|qro − qro′ |) ≥ 0
where we use 1 − zr ≥ 0 to sign this derivative.
Second, we show that the absolute value of pro − pro′ is decreasing in η. Equation (50) and the definition
of w˜r imply
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where we have used equation (114) to substitute in zr . The previous expression implies
d (|pro − pro′ |)
dη
= − θzr + ρ
(θ + ρ) η + θ (ρ − η) (1 − zr ) |(pro − pro′) | ≤ 0,
where we use the result proven above that 1 − zr ∈ [0, 1] to sign the derivative.
Third, we show that the absolute value of wkro − wkro′ is declining in θ. Equation (53) and the definition of
w˜r imply
wkro − wkro′ =
1









where we have used equation (114) to substitute in zr . The previous expression implies
d
(wkro − wkro′ )
dθ
= − η + (ρ − η) (1 − zr )
(θ + ρ) η + θ (ρ − η) (1 − zr )
wkro − wkro′  ≤ 0,
where we use the result proven above that 1 − zr ≥ 0 to sign this derivative.
Fourth, we show that the elasticity of domestic relative to immigrant occupation wages with respect to




−θ (θ + ρ) zr
[(θ + ρ) η + θ (ρ − η) (1 − zr )]2
≤ 0.
Note that if η = ρ then Ψnr = 1/ρ, and the elasticity of domestic relative to immigrant occupation wages
with respect to changes in relative factor endowments is exactly the same as in a model in which there is only
one occupation. Moreover, the elasticity of domestic relative to immigrant occupation wages with respect to
changes in relative factor endowments is higher than in the one-occupation model if and only if η < ρ.









, is less than one if and only if η > ρ (and equal to one
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if η = ρ). Equation (52) and equation (114) imply
nDro − nIro
nDr − nIr
= 1 − (θ + 1) (η − ρ) zr









= 1 if η = ρ (and, when zr > 0, if and only if η = ρ). Differentiating with








− (θ + 1) (ρ + θ) ρzr
[(θ + ρ) η + θ (ρ − η) (1 − zr )]2
≤ 0
with strict inequality if zr > 0 for any finite values of θ, η, and ρ. This result generalizes the Rybczynski
theorem, in which factor intensities are fully inelastic (i.e. nDro − nIro = 0); we obtain this result in the limit
as η, θ → ∞,
lim






Finally, in the limit as η, θ → ∞, changes in relative labor allocations between occupations (equation (52))
















Recall that for any value of η, wkro − wkro′ → 0 as θ → ∞. Hence, there is crowding in, consistent with our
result in Section 2.3.1.
B.3 Proofs for Sections 2.3.2 and 2.3.3: small open economy
In Section 2.3.2, we extend the results of Section 2.3.1 by allowing region r to trade. We also provide an
expression for the partial own elasticity of labor demand that we refer to in footnote 93.
Two restrictions: We assume that region r is a small open economy in the sense that it constitutes a
negligible share of exports and absorption in each occupation for each region j , r . Specifically, we assume
that Smr jo → 0 and Sxjro → 0 for all o and j , r . We additionally assume that occupations are grouped into
two sets, O (z) for z = {T, N }, where Sxro = Sxro′ and Smro = Smro′ for all o, o′ ∈ O (z).
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The small-open-economy assumption implies that, in response to a shock in region r only, prices and output
elsewhere are unaffected in all occupations: pyjo = pjo = pj = y j = 0 for j , r . Therefore, given a shock to










(ηpr + yr ) , (120)
where
ro ≡ (1 − (1 − Sxro ) (1 − Smro )) α + (1 − Sxro ) (1 − Smro ) η
is a weighted average of the elasticity of substitution across occupations, η, and the elasticity across origins,
α > η, where the weight on the latter is increasing in the extent to which the services of an occupation
are traded, as measured by Sxro and Smro . When region r is autarkic—in which case Sxro = Smro = 0 so that
ro = η for all o—equation (120) limits to equation (105), and we are back to the system of equations in
Section 2.3.1.




ro′ for all o, o
′ ∈ O (z) implies that the elasticity of local output
to the local producer price, ro , is common across all occupations in O (z).














































































r j − nDr
 . (121)























































r j − nIr
 .
(123)
Equations (123) and (101) yield































Equations (104), (122), and (124) yield
















(aro − aro′) (125)
where rg = ro for all o ∈ O (g). Equation 125 simplifies to equation (55) if aro = aro′ for all o, o′ ∈ O(g).
We obtain changes in occupation wages from equation 125 and
















rg (θ + 1)
θ + rg
(aro − aro′)


























(aro − aro′) (126)
which simplify to the equations shown in Section 2.3.2 if aro = aro′ for all o, o′ ∈ O(g).
In order to solve for w˜r , we use the following system of linear equations: (99), (100), (101), (120), the final




















= pr + yr







The partial own labor demand elasticity. Finally, we solve for the partial own labor demand elasticity at the
level of the region-occupation, lDro/wDro , in which we allow for native and immigrant labor to reallocate across
occupations and occupation prices to change, but hold immigrant wages, aggregate output, and aggregate
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prices fixed. Combining equations (99), (100), and 120, we obtain
lDro/wDro  = ro (1 − SIro ) + ρSIro .
This partial elasticity is increasing in ρ (as is standard) and also ro . Moreover, it is increasing in SIro if and
only if ρ > ro .
B.4 Alternative occupation production function
Here we provide an alternative set of assumptions on the occupation production that yield the same equilib-
rium equations as the CES occupation production function in equation (37) (under the restriction, which we
do not impose in our baseline model, that ρ > 1). For simplicity, here we suppress region indicators.
Setup. Suppose that there are two factors of production, domestic labor and immigrant labor, indexed by
k = D, I, with wages per efficiency unit of labor within occupation o given byWDo andW Io . Each occupation
production function is itself a Cobb-Douglas combination of the output of a continuum of tasks indexed by
z ∈ [0, 1]. Workers within each k may differ in their relative productivity across occupations, but not in their
relative productivity across tasks within an occupation.
The production function of task z within occupation o is given by













where Lko (z) is employment of efficiency units of factor k in task z in occupation o and where ρ > 1.
Therefore, domestic and immigrant efficiency units of labor are perfectly substitutable in the production of
each task, up to a task-specific productivity differential. A lower value of ρ implies that this productivity
differential is more variable across tasks. The cost function implied by this production function is Co (z) =
min{CDo (z),C Io (z)}, where the unit cost of completing task z using domestic labor is










whereas using immigrant labor it is



















for which firms are indifferent between hiring domestic and immigrant workers, where Ho ≡ ωρ−1o τ−1o ,
ωo ≡ WDo /W Io , and τo ≡ TDo /T Io . The set of tasks in occupation o in which firms employ domestic workers
is given by [0, Zo ) and the set of tasks in occupation o in which firms employ immigrant workers is given by
(Zo, 1]. Moreover, the share of expenditure on domestic labor in occupation o is simply Zo .























o (1 − Zo )1−Zo
) 1
ρ−1 .






























exactly as in Dekle et al. (2008).
In Appendix B.1.1, we use equation (37) to derive only two equations: (99) and (100). Log differentiating
equation (128) and using equation (127), we obtain







where SDo = Zo and SIo = 1 − Zo , exactly as in equation (99). Moreover, the fact that Zo is the share of











Log differentiating the previous expression, we obtain equation (100).
B.5 Connecting to the Rybczynski Theorem
In this section we consider a version of our baseline model in which we derive the basic Rybczynski Theorem
as well as an extended version of the Rybczynski theorem in a closed economy (similar to Section 2.3.1).
As in the Rybczynski Theorem, we assume that there is no heterogeneity within factors (θ → ∞), that there
are two occupations (O = 2), that productivity is fixed (aro = 0), and (in the open economy version) that the
region treats occupation prices parametrically (our small open economy assumptions in addition to α → ∞
and τr jo = 1 for all jo). Unlike our baseline model, we do not impose CES production functions at any
level of aggregation. Instead, we impose only that production functions are continuously differentiable and







for o = 1, 2
and, in the open economy, the production of the final good combining the services of the two occupations
is
Yr = Yr (Yr1,Yr2) .
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Homogeneous factors within k = D, I implies that employment of type k in r equals the number efficiency
units of type k in r , Nkr = Lkr , and similarly for employment in occupation o within region r , Nkro = Lkro .
Moreover, it also implies wkro = wkro′ for all o, o
′. Hence, we write wkr rather than wkro .
B.5.1 Small open economy: Rybczynski






r for all o, (129)
where pro = 0. Equation (100) becomes




for all o, (130)
where ρro is the local elasticity of substitution between native and immigrant labor within occupation o in







r for k = D, I. (131)
Equation (129) requires wIr = wDr = 0 if SIr1 , S
I
r2; this is analogous to the factor-price insensitivity theorem.
Suppose in what follows that SIr1 , S
I
r2; this assumption corresponds locally to the global assumption of
no factor-intensity reversals in the Rybczynski theorem. Hence, equation (130) implies nDro = nIro for both
occupations. Equation (131) then becomes
Nkr1
Nkr
nIr1 + *,1 −
Nkr1
Nkr
+- nIr2 = nkr for k = D, I
where we have also used the fact that Nkr2 = N
k
r − Nkr1. The previous expression, for I and D, allows us to







































































The previous expression and l Iro = nIro = nDro = lDro yield
qro = nIro = n
D
ro .
The following result follows from the solutions for nkr1 and n
k
r2 above and ∆ < 0 ⇐⇒ SIr1 > SIr2.
Result 1 (Factor allocation). Suppose that immigrants increase relative to natives in region r , nIr > nDr .
Then occupation 1 is immigrant intensive within r , SIr1 > S
I









k = D, I.
The previous result, qro = nkro for k = I, D, and ∆ < 0 ⇐⇒ SIr1 > SIr2 imply the following corollary,
which is the standard Rybczynski theorem.
Result 2 (Occupation output). Suppose that immigrants increase relative to natives in region r , nIr > nDr .
Then occupation 1 is immigrant intensive within r , SIr1 > S
I






B.5.2 Closed economy: extended Rybczynski
The system of equations is exactly as in the open economy—given by equations (129), (130), and (131)—ex-
cept we do not impose that pro = 0 and we include one additional equation, which we derive as follows. The
assumption that Yr is homothetic implies
yr1 − yr2 = −ηr (pr1 − pr2)
where ηr is the local elasticity of substitution between occupations. Log differentiating equation (37) and
setting yro = qro in the closed economy,

























From equation (130) we have
nDro = n
I
ro − ρro w˜r for o = 1, 2.
















w˜r = nIr2 − nIr1.
Suppose that ρr ≡ ρro for o = 1, 2. Then the previous equation is simply




w˜r + nIr2 = n
I
r1.

























The two previous expressions yield a solution for w˜r in terms of primitives,
w˜r =
nIr − nDr
ρr + (ηr − ρr )
(
SIr1 − SIr2





Hence, we obtain the result that
nkr1 − nkr2 =




ρr + (ηr − ρr )
(
SIr1 − SIr2




) (nIr − nDr ) for k = I, D.
Finally, qr1 − qr2 = −ηr (pr1 − pr2) and equation (129) yield











⇐⇒ SIr1 > SIr2.
Result 1 (Factor allocation). Suppose that immigrants increase relative to natives in region r , nIr > nDr ,
that occupation 1 is immigrant intensive within r , SIr1 > S
I
r2, and that ρr = ρro for o = 1, 2. Then ηr = ρr
implies nkr1 = n
k








r2 for k = I, D.
Result 2 (Occupation output). Suppose that immigrants increase relative to natives in region r , nIr > nDr ,
that occupation 1 is immigrant intensive within r , SIr1 > S
I
r2, and that ρr = ρro for o = 1, 2. Then
yr1 − yr2 = −ηr (pr1 − pr2), qro = yro , and equation (129) imply qr1 > qr2.
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B.6 Fixed immigrant wages
Here we consider a modification of our model in which we take immigrant occupation wages as given, rather
than solving them to satisfy a local labor market clearing condition. This assumption is justified if the supply
of immigrants to each occupation within each region is infinitely elastic (which is similar to assuming that
each worker’s productivity dispersion across occupations is zero, so that relative wages across occupations
are fixed) and immigrant remuneration is determined in a global market. We use this model to relate our
results to those in Grossman and Rossi-Hansberg (2008) (henceforth GRH), since this model of immigration
can be applied to examining the implications of offshoring (in both cases, foreign wages are exogenously
given).
We derive analytic results under the small open economy assumptions of Section 2.3.2, assuming that
wIro = 0 and ignoring the immigrant-labor-market-clearing condition. Since the supply of immigrants is
infinitely elastic, we consider as the driving force of our comparative statics a change in the productivity of
immigrant workers in region r that is common across occupations, aIro ≡ aIr (which in our baseline model
is equivalent in terms of factor allocation and occupation wages to an increase in the supply of immigrants
in region r).
Under the assumptions in this section, and setting nDr = ar = 0, the log-linearized system of equations that





















= −ρwDro + (1 − ρ) aIr (134)
lDro = θw
D































(ηpr + yr ) , (136)
236

















(ηpr + yr ) .
Substituting out for lDro using equation (135) we obtain






















(ηpr + yr ) . (137)
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for o ∈ O (g). Given wage changes, lDro can be calculated using (135).
To examine how occupation wage changes vary within the set O (g) with the immigrant intensity of occupa-
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) is given by the sign of(
rg − ρ
)
aIr . In response to a productivity increase of immigrant labor, aIr > 0, native workers reallocate
towards immigrant-intensive occupations within O (g) (crowding in) and the wages of these occupations
rise, if and only if rg > ρ. Moreover, the extent of this reallocation and wage increase is increasing in rg .
These comparative static results mirror those in our baseline model in which the supply of immigrants into
region r is inelastic and immigrant wages satisfy factor market clearing.170
169It is natural to guess that a decrease in the cost of hiring immigrant labor in region r—i.e. an increase in aIr—will increase
region r’s output and the average wage of native workers within region r . This implies that dκrg/daIr > 0.
170In contrast to our baseline model, dwDro/dSIro and dlDro/dSIro depend on SIro ; hence the estimating equation (57) does not




SIro is not very close to zero, then the fit of equation (57) remains good.
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To provide a better understanding of the mechanism that gives rise to crowding in within this variation of our
model, and to link it to the productivity effect in GRH, suppose that rg → ∞, so that occupation prices are
unchanged, pro = 0, for all o ∈ O (g) (whereas Rybczynski and GRH consider 2 goods or occupations, our
occupation choice model allows for interior solutions in an open economy under any number of occupations).
In this special case, equation (133) becomes










Hence, if SIro ∈ (0, 1) then dwDro/daIr > 0 so that an increase in the productivity of immigrants within
region r increases native occupation wages in all occupations. Intuitively, the zero-profit condition requires
that cost savings induced by an increase in the productivity of immigrants must be exactly offset by an






> 0, so that an
increase in the productivity of immigrants within region r increases native occupation wages relatively more
in immigrant-intensive occupations. Intuitively, the cost savings induced by an increase in the productivity of
immigrants are proportional to the share of costs paid to immigrants, which is higher in immigrant-intensive
occupations. That is, the zero-profit condition requires that the offsetting increase in the occupation wage of
native workers must be greater in immigrant-intensive occupations. We derive these results for occupation
wages using only the zero profit condition. However, these results for occupation wages translate directly into
results for factor reallocation using the factor-market clearing condition (135): the increase in the relative
native occupation wage of immigrant-intensive occupations induces native workers to reallocate towards
those occupations (crowding in).171
Changes in offshoring productivity in GRH and either changes in immigrant productivity or supply in the
present paper generate changes in wages for natives. Whereas GRH consider offshoring of low-skill tasks in
a model featuring three factors—foreign labor, native low-skill labor, and native high-skill labor—our model
instead features two factors—immigrant and native labor—but introduces factor heterogeneity across workers
171It is straightforward to show that immigrant workers are also crowded in.
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within each factor. At fixed output prices, in our model native workers employed in the immigrant-intensive
occupation benefit relatively more from an improvement in immigrant productivity or supply, while in GRH
low-skill natives benefit relative to high-skill natives from a reduction in the cost of offshoring low-skill
tasks (through what they refer to as the “productivity effect”). Hence, at fixed output prices, our framework
provides within-group wage results that are very similar to the between-group wage results in GRH. The
mechanisms generating these results are also very similar, as is clear from our description of wage changes in
the previous paragraph. Recall that in section B.5 we showed that the mechanism generating crowding in (as
well the increase in the relative wage of immigrant-intensive occupations) at fixed occupation prices is tightly
linked to the mechanism in the Rybczynski theorem. Therefore, at fixed occupation prices there is a tight
link between the mechanism generating relative wage changes and factor reallocation across Rybczynski,
GRH, and our model.
Relative to Rybczynski and GRH, we additionally show that when output prices are endogenous a simple
comparison of elasticities determines whether relative wages rise and factors crowd into more immigrant-
intensive occupations or relative wages fall and factors crowd out of more immigrant-intensive occupations;
we allow for many occupations and variation across occupations in these elasticities; and we show that there
is relatively less crowding out within more tradable compared to within less tradable occupations.
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B.7 Occupation details
In this section we list the 50 occupations used in our baseline analysis, in Table B.1. We rank occupation
tradability using our baseline measure from Blinder and Krueger (2013), in Table B.2. We provide balance
tables across tradable and nontradable occupations using 1980 occupation characteristics and 2012 occupation
characteristics, in Table B.3. Finally, we list the 15 occupations that are the most and least intensive in low-
education, middle-eduation, and high-education immigrants, in Tables B.4, B.5, and B.6.
List of the 50 occupations used in our baseline analysis
Executive, Administrative, and Managerial Supervisors, Protective Services
Managerial Related Firefighting
Social Scientists, Urban Planners and Architects Police
Engineers Guards
Math and Computer Science Food Preparation and Service
Natural Science Health Service
Health Assessment Cleaning and Building Service
Health Diagnosing and Technologists Personal Service
Therapists Agriculture
Teachers, Postsecondary Vehicle Mechanic
Teachers, Non-postsecondary Electronic Repairer
Librarians and Curators Misc. Repairer
Lawyers and Judges Construction Trade
Social, Recreation and Religious Workers Extractive
Arts and Athletes Precision Production, Food and Textile
Engineering Technicians Precision Production, Other
Science Technicians Metal and Plastic Machine Operator
Technical Support Staff Metal and Plastic Processing Operator
Sales, All Woodworking Machine Operator
Secretaries and Office Clerks Printing Machine Operator
Records Processing Textile Machine Operator
Office Machine Operator Machine Operator, Other
Computer and Communication Equipment Operator Fabricators
Misc. Administrative Support Production, Other
Private Household Occupations Transportation and Material Moving
Table B.1: Occupations for Baseline Analysis
Notes: We start with the 69 occupations based on the sub-headings of the 1990 Census Occupational Classification
System and aggregate up to 50 to concord to David Dorn’s occupation categorization (http://www.ddorn.net/) and to
combine occupations that are similar in education profile and tradability but whose small size creates measurement
problems (given the larger number of CZs in our data).
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Most and least tradable occupations
Rank* Twenty-five most tradable occupations Twenty-five least tradable occupations
1 Fabricators+ Social, Recreation and Religious Workers+
2 Printing Machine Operators+ Cleaning and Building Service+
3 Metal and Plastic Processing Operator+ Electronic Repairer+
4 Woodworking Machine Operators+ Lawyers and Judges+
5 Textile Machine Operator Vehicle Mechanic+
6 Math and Computer Science Police+
7 Precision Production, Food and Textile Private Household Occupations+
8 Records Processing Teachers, Postsecondary+
9 Machine Operator, Other Health Assessment+
10 Computer, Communication Equipment Operator Food Preparation and Service+
11 Office Machine Operator Personal Service+
12 Precision Production, Other Firefighting+
13 Metal and Plastic Machine Operator Related Agriculture+
14 Technical Support Staff Extractive+
15 Science Technicians Production, Other+
16 Engineering Technicians Guards+
17 Natural Science Construction Trade+
18 Arts and Athletes Therapists+
19 Misc. Administrative Support Supervisors, Protective Services+
20 Engineers Teachers, Non-postsecondary
21 Social Scientists, Urban Planners and Architects Transportation and Material Moving
22 Managerial Related Librarians and Curators
23 Secretaries and Office Clerks Health Service
24 Sales, All Misc. Repairer
25 Health Technologists and Diagnosing Executive, Administrative and Managerial
Table B.2: The most and least tradable occupations, in order
Notes: *: for most (least) traded occupations, rank is in decreasing (increasing) order of tradability score; +:
occupations that achieve either the maximum or minimum tradability score.
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Characteristics of occupations in 1980
Non-tradable occs Tradable occs Total
Share of female 0.31 0.48 0.40
Share with college degree or above 0.21 0.17 0.19
Share of non-white 0.13 0.11 0.12
Share of immigrants 0.06 0.07 0.06
Age distribution
16-32 0.43 0.46 0.44
33-49 0.35 0.33 0.34
50-65 0.22 0.21 0.21
Share working in routine-intensive occs 0.12 0.55 0.34
Share working in abstract-intensive occs 0.29 0.39 0.34
Share working in communication-intensive occs 0.35 0.33 0.34
Total 0.49 0.51 1.00
Characteristics of occupations in 2012
Non-tradable occs Tradable occs Total
Share of female 0.42 0.50 0.46
Share with college degree or above 0.34 0.35 0.34
Share of non-white 0.24 0.24 0.24
Share of immigrants 0.18 0.15 0.16
Age distribution
16-32 0.29 0.30 0.30
33-49 0.41 0.40 0.41
50-65 0.30 0.30 0.30
Share working in routine-intensive occs 0.12 0.50 0.29
Share working in abstract-intensive occs 0.35 0.47 0.34
Share working in communication-intensive occs 0.39 0.35 0.37
Total 0.55 0.45 1.00
Table B.3: Characteristics of workers, 1980 in top panel and 2012 in bottom panel
Notes: Source for data is 1980 Census for the top panel and 2011-2013 ACS in the bottom panel. Values are
weighted by annual hours worked times the sampling weight.
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Most and least immigrant-intensive occupations (low-education immigrants)
15 most immigrant-intensive occupations 15 least immigrant-intensive occupations
Agriculture Police
Food Preparation and Service Firefighting
Textile Machine Operator Woodworking Machine Operators
Private Household Occupations Social Scientists, Urban Planners and Architects
Arts and Athletes Engineers
Personal Service Extractive
Precision Production, Other Electronic Repairer
Metal and Plastic Machine Operator Guards
Precision Production, Food and Textile Misc. Repairer
Metal and Plastic Processing Operator Science Technicians
Office Machine Operator Teachers, Non-postsecondary
Printing Machine Operators Technical Support Staff
Health Technologists and Diagnosing Managerial Related
Fabricators Librarians and Curators
Cleaning and Building Service Therapists
Table B.4: The 15 most and least immigrant-intensive occupations, defined in terms of immigrant earning
shares at the national level, for low-education immigrants (less than a high-school education)
Most and least immigrant-intensive occupations (medium-education immigrants)
15 most immigrant-intensive occupations 15 least immigrant-intensive occupations
Private Household Occupations Firefighting
Arts and Athletes Extractive
Food Preparation and Service Police
Teachers, Postsecondary Lawyers and Judges
Textile Machine Operator Woodworking Machine Operators
Personal Service Transportation and Material Moving
Social Scientists, Urban Planners and Architects Electronic Repairer
Precision Production, Other Construction Trade
Health Assessment Misc. Repairer
Health Service Science Technicians
Office Machine Operator Supervisors, Protective Services
Librarians and Curators Machine Operator, Other
Engineers Guards
Natural Science Vehicle Mechanic
Therapists Fabricators
Table B.5: The 15 most and least immigrant-intensive occupations, defined in terms of immigrant earning
shares at the national level, for medium-education immigrants (high school graduates and some college
education)
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Most and least immigrant-intensive occupations (high-education immigrants)
15 most immigrant-intensive occupations 15 least immigrant-intensive occupations
Textile Machine Operator Teachers, Non-postsecondary
Metal and Plastic Processing Operator Lawyers and Judges
Health Diagnosing and Technologists Firefighting
Private Household Occupations Extractive
Precision Production, Other Supervisors, Protective Services
Metal and Plastic Machine Operator Police
Health Service Woodworking Machine Operators
Office Machine Operator Agriculture
Science Technicians Therapists
Food Preparation and Service Social, Recreation and Religious Workers
Engineers Sales, All
Vehicle Mechanic Construction Trade
Natural Science Transportation and Material Moving
Teachers, Postsecondary Executive, Administrative, and Managerial
Health Assessment Librarians and Curators
Table B.6: The 15 most and least immigrant-intensive occupations, defined in terms of immigrant earning
shares at the national level, for high-education immigrants (a college degree or more)
B.8 Robustness tests
In this section we conduct sensitivity analysis of our baseline regressions, where we start by presenting
results for the allocation regressions (baseline results are in Table 2.1) and follow these with results for the
labor payment regressions (baseline results are in Table 2.2).
First, in Section B.8.1, we examine evidence of pre-trends and check robustness to alternative sample
restrictions. By regressing outcomes over 1950 to 1980 on the immigration shock over 1980 to 2012, we
check whether our results may be contaminated by secular regional trends in labor demand. Sensitivity to
such trends is a common critique of the Card approach. We then vary the time period for our analysis, by
changing the start year or the end year, and the set of commuting zones included in the sample, by dropping
the five largest CZs. These exercises allow us to check whether our results may be subject to confounding
factors that are unique to our baseline 1980 to 2012 period and whether our results may be contaminated by
the presence of large CZs, shocks to which may affect national immigration patterns. We discuss results for
these analyses in more detail below.
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Second, in Section B.8.4, we consider alternative methods to construct our instrumental variables. We
replace initial immigrant cost shares in (62), SIreo , with alternative cost shares constructed using data on all
other regions, SI−reo , and then replace our baseline cost shares measured in 1980 with alternative cost shares
measured as the average of 1970 and 1980 values. The first check addresses concerns about the endogeneity
of (initial) immigrant cost shares to (persistent) regional technology shocks; the second check addresses
concerns about measurement error in cost shares. Because the results for these alternative instruments are
substantially the same as those reported in Section 2.4.4 (both for the allocation regressions and for the labor
payment regressions), we do not discuss them further below.
Third, in Section B.8.5, we vary the definition of tradable and nontradable occupations. The exercises
we perform include (i) dropping the middle eight occupations in terms of tradability, leaving 21 tradable
and nontradable occupations; and (ii) redefining tradable occupations as, instead of being those above the
50th percentile of tradability, being those either above the 40th percentile of tradability or above the 60th
percentile of tradability, where the first alternative creates 30 tradable and 20 nontradable occupations and
the second creates 20 tradable and 30 nontradable occupations. Again, because these results are very similar
to those reported in Section 2.4.4 (both for the allocation and the labor payment regressions), we do not
discuss them in more detail below.
Fourth, in Section B.8.6, we present evidence to rule out alternative explanations for our empirical results,
by dropping workers employed in the top quartile of occupations in terms of intensity in routine tasks or by
dropping workers in occupations in the top quartile of occupations in terms of intensity in communication
tasks. The first restriction addresses concerns about confounding factors related to pressures for automation
in routine-intensive jobs, while the second addresses concerns about the insulation of native workers from
immigration impacts in jobs requiring language-based interaction. These results are also very similar to
those reported in Section 2.4.4 and we do not discuss them further.
Fifth, in Section B.8.7, we examine the sensitivity of the results to alternative aggregation schemes for the
50 occupations that we use in the analysis in order to verify that our results are not somehow conditioned by
the particular scheme that we employ (from 69 occupations based on the sub-headings of the 1990 Census
Occupational Classification System, up to 64 occupations that are consistent across time following David
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Dorn’s categorization (http://www.ddorn.net/) and combining agriculture related occupations, and then up to
50 occupations to combine occupations that are similar in education profile and tradability but whose small
size creates measurement problems, given the larger number of CZs in our data). When we either expand
the set of occupations to 59—by breaking out all but the five occupations with the smallest cell sizes at the
tenth percentile across CZs in the 1980 Census—or contract the set of occupations to 41—by dropping all
of our baseline occupations that are aggregates of David Dorn’s categorization—we obtain results that are
substantially the same as those in Section 2.4.4 and we do not elaborate on these findings.
Sixth, in Section B.8.8, we move from separating occupations according to their tradability to separating
industries according to their tradability. Following convention, we define tradable industries to include goods
producing sectors—agriculture, manufacturing, and mining—and nontradable industries to include services.
Our discussion of these results is below.
B.8.1 Pretrends and alternative periods
In Section B.8.1, we redefine the time period for the dependent variable to be changes over 1950 to 1980,
rather than over 1980 to 2012, while keeping the regressors the same. In this manner, we check whether
current immigration shocks relate to common changes in native allocations and total labor payments in
both the current period and the pre-period, which if true could indicate that our results are the byproduct
of persistent local labor demand shocks (that drive both immigration and changes in local labor market
outcomes).
Table B.7 shows that the 2SLS-estimated impact of the current immigration shock on the allocation of low-
education native workers in the pre-period is negative and insignificant, whereas this impact is zero in our
baseline results in Table 2.1. The pretrend analysis also yields a 2SLS coefficient on the immigration shock
interacted with the nontradable dummy that is positive and insignificant, as opposed to negative and precisely
estimated in Table 2.1. Turning to high-education workers, the 2SLS coefficient on the immigration shock
in Table B.7 is negative and significant, as opposed to zero in Table 2.1, indicating that future immigrant
absorption is higher in tradable occupations with lower past native employment growth; the 2SLS coefficient
on the immigration shock interacted with the nontradable dummy reverses sign from Table 2.1 and is positive
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and significant, which indicates that immigration crowds in native-born workers, as opposed to the pattern
of crowding out that we observe in contemporaneous comovements. The null effects of immigration on
native-born employment in tradable occupations and the crowding-out effect of immigration on native-born
employment in nontradable occupations are thus not evident when we examine the correlation of current
immigration shocks with past changes in native-born employment.
An explanation for the coefficient estimates in Table 2.1 having the opposite signs from those in Table B.7, in
which the native employment change is for 1950-80 and the immigration shock is for 1980-2012, is that the
immigration shock for 1980-2012 is negatively correlated with that for 1950-80 (this correlation, conditional
on occupation and group-CZ fixed effects, is -0.165 and statistically significant). This negative correlation
indicates a lack of long-run persistence in the immigration shocks specified by our model. Of the 682 CZs
experiencing an increase in the share of immigrant workers between 1980 and 2012, 347 had a decrease in the
share of immigrants between 1950 and 1980. The proper specification for the 1950-1980 native employment
change would be to regress it on the immigration shock for the same time period. However, we cannot
run this regression, owing to the fact that for 1950 there is substantial missing data on worker education
levels, weeks worked, and hours worked, which prevents us from calculating initial immigrant cost shares
by region, occupation, and education level (where these cost shares are one component of our immigration
shock).
In Table B.8, we repeat the pretrend analysis in Table B.7, now defining the outcome variable to be the change
in total labor payments by region and occupation over the 1950 to 1980 period. Whereas in our baseline
Table 2.2 the immigration shock for 1980 to 2012 causes a contemporaneous increase in labor payments
to more immigrant-intensive occupations within tradables and a null effect within nontradables, we see no
such impact of the same shock on outcomes for labor payments in the pre-period. The 2SLS coefficients
in Table B.8 show a zero effect of the current-period immigration shock on the pre-period change in labor
payments, either within nontradables or within tradables. We interpret these results as evidence against the
hypothesis that our results are the byproduct of persistent local labor demand shocks that are responsible
both for immigration inflows to a region and for regional changes in occupational employment and labor
payments.
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We then alter the beginning year or the end year of our analysis. When altering the end year from 2012 to
2007 in Tables B.9 and B.10, such that the sample period now excludes the Great Recession and subsequent
recovery, the results are qualitatively very similar to those in Section 2.4.4: immigration leads to stronger
crowding out of natives within nontradables compared to within tradables and to a larger increase of total
labor payments within tradables compared to within nontradables. When altering the beginning year of the
analysis from 1980 to 1990 in Tables B.11 and B.12, there is still clear evidence among high-education
workers of stronger crowding out within nontradables relative to within tradables, but among low-education
workers evidence of stronger crowding out within nontradables is weaker. While for the high-education
group the 2SLS-estimated impact of immigration on native allocations is negative and precisely estimated,
for the low-education group it is close to zero and imprecise. The labor payments regressions, however,
continue to show evidence of stronger crowding out of natives by immigrants within nontradables compared
to within tradables. Within tradables, immigration leads to a significant increase in labor payments in more
immigrant-intensive occupations, whereas within nontradables this impact is much smaller and statistically
indistinguishable from zero.
Finally, we rerun our allocation and labor payment regressions, excluding from the sample the five largest
commuting zones (Los Angeles/Riverside/Santa Ana, New York, Miami, Washgington, DC, and Houston).
These CZs are major gateway cities for immigrants. It is conceivable that productivity shocks to immigrant-
intensive occupations in these localities could affect immigrant inflows in the aggregate for the U.S., which
could create a source of simultanteity bias in the estimation. In Tables B.13 and B.14 we see, however, that
our are results are materially unchanged by excluding these large commuting zones.
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Dependent variable: log change in the employment of domestic workers in a region-occupation, 1950-1980
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro -.2898** -.3927 -.4645** -.3765* -.7862*** -.5875***
(.1406) (.324) (.2169) (.2038) (.2689) (.1906)
Io (N ) xro .3137** .2204 .2497* .9853*** 1.534*** 1.171***
(.1235) (.2168) (.1396) (.237) (.2714) (.1987)
Obs 21669 21669 21669 6420 6420 6420
R-sq .717 .716 .718 .654 .653 .655
Wald Test: P-values 0.78 0.31 0.16 0.00 0.00 0.00
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.7: Testing for pre-trends in regional-occupational employment growth
Dependent variable: log change in labor payments in a region-occupation, 1950-1980
(1) (2) (3)
OLS 2SLS RF
xro -.0103 .0133 -.1757
(.1557) (.3604) (.3065)
Io (N ) xro .2236 .0332 .0846
(.177) (.3407) (.2669)
Obs 23321 23321 23321
R-sq .808 .808 .808
Wald Test: P-values 0.01 0.79 0.50
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.8: Testing for pre-trends in regional-occupational employment growth
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B.8.2 Alternative time periods
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2007
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .081 -.0404 -.0495 -.0341 -.0967 -.1033
(.0797) (.1525) (.1059) (.0436) (.0665) (.0764)
Io (N ) xro -.4851*** -.4517** -.3543* -.3301*** -.3677*** -.3093***
(.0858) (.1895) (.1915) (.0988) (.1152) (.086)
Obs 31596 31596 31596 23215 23215 23215
R-sq .789 .789 .788 .649 .648 .649
Wald Test: P-values 0.00 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 134.76 73.53
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.9: Alternative period: 1980-2007
Dependent variable: log change in labor payments in a region-occupation, 1980-2007
(1) (2) (3)
OLS 2SLS RF
xro .4057*** .4454*** .328***
(.0993) (.1246) (.0926)
Io (N ) xro -.5488*** -.6431*** -.4809***
(.2034) (.1286) (.0933)
Obs 33200 33200 33200
R-sq .853 .853 .852
Wald Test: P-values 0.27 0.04 0.10
F-stat (first stage) 160.91
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.10: Alternative period: 1980-2007
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Dependent variable: log change in the employment of domestic workers in a region-occupation, 1990-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .1875** .1396 .1908** -.0481 -.2219* -.146
(.0895) (.1035) (.0768) (.0892) (.1316) (.1187)
Io (N ) xro -.2702** .0145 -.0068 -.216** -.3388*** -.3051***
(.1148) (.3739) (.2308) (.1053) (.1311) (.1118)
Obs 33957 33957 33957 28089 28089 28089
R-sq .776 .776 .776 .601 .6 .602
Wald Test: P-values 0.25 0.60 0.36 0.00 0.00 0.00
F-stat (first stage) 55.35 47.28
To construct the Card instrument, we use the 1980 immigrant distribution by source region and education. Standard errors
clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null hypothesis is
βD + βDN = 0.
Table B.11: Alternative period: 1990-2012
Dependent variable: log change in labor payments in a region-occupation, 1990-2012
(1) (2) (3)
OLS 2SLS RF
xro .5592*** .5133*** .7175***
(.0818) (.1302) (.1192)
Io (N ) xro -.4636*** -.2602* -.5572***
(.091) (.1497) (.0945)
Obs 35127 35127 35127
R-sq .869 .869 .87
Wald Test: P-values 0.08 0.17 0.02
F-stat (first stage) 67.81
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.12: Alternative period: 1990-2012
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B.8.3 Dropping large commuting zones
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .0881 .0406 .0274 .0084 -.0544 -.0508
(.0534) (.0895) (.0739) (.0431) (.0722) (.0597)
Io (N ) xro -.2722*** -.3577*** -.3422*** -.1791** -.2222* -.1961
(.0854) (.0779) (.0934) (.0874) (.1295) (.1182)
Obs 33473 33473 33473 26405 26405 26405
R-sq .827 .827 .827 .687 .687 .687
Wald Test: P-values 0.04 0.00 0.00 0.03 0.00 0.01
F-stat (first stage) 26.98 35.39
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.13: Dropping top 5 immigrant-receiving commuting zones
Drop 5 largest immigrant-receiving CZs: LA/Riverside/Santa Ana, New York, Miami, Washington DC, Houston.
Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .2844*** .1696 .1388
(.0736) (.1053) (.1016)
Io (N ) xro -.2067** -.1979** -.1829**
(.0881) (.0969) (.0931)
Obs 34642 34642 34642
R-sq .895 .895 .895
Wald Test: P-values 0.14 0.58 0.35
F-stat (first stage) 36.98
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.14: Dropping top 5 immigrant-receiving commuting zones
Drop 5 largest immigrant-receiving CZs: LA/Riverside/Santa Ana, New York, Miami, Washington DC, Houston.
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B.8.4 Instrumentation
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .089* 1.154* .6561* .0223 .2168 .0711
(.0492) (.6034) (.3382) (.036) (.3651) (.2351)
Io (N ) xro -.3034*** -1.817*** -1.163*** -.3088*** -2.565*** -2.064***
(.0615) (.5879) (.4443) (.0973) (.4197) (.5177)
Obs 33723 33723 33723 26644 26644 26644
R-sq .836 .822 .836 .699 .623 .701
Wald Test: P-values 0.00 0.01 0.04 0.00 0.00 0.00
F-stat (first stage) 8.88 16.27
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.15: Using S−reo to calculate the instrument
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .089* -.0009 -.0049 .0223 -.0728 -.0375
(.0492) (.0931) (.058) (.036) (.0718) (.0473)
Io (N ) xro -.3034*** -.3007*** -.2272*** -.3088*** -.5027*** -.2387**
(.0615) (.1153) (.0856) (.0973) (.1767) (.1038)
Obs 33723 33723 33723 26644 26644 26644
R-sq .836 .836 .836 .699 .697 .699
Wald Test: P-values 0.00 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 102.93 83.89
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.16: Using the average values in 1970 and 1980 to construct immigrant share of labor payments SIreo
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .3918*** 2.299*** 1.081**
(.1147) (.4259) (.4653)
Io (N ) xro -.3512*** -2.296*** -1.275***
(.1157) (.441) (.4854)
Obs 34892 34892 34892
R-sq .897 .863 .896
Wald Test: P-values 0.38 0.99 0.34
F-stat (first stage) 9.34
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.17: Using S−reo to calculate the instrument
Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .3918*** .592** .3582**
(.1147) (.2319) (.1541)
Io (N ) xro -.3512*** -.6301*** -.3794***
(.1157) (.2223) (.1392)
Obs 34892 34892 34892
R-sq .897 .897 .897
Wald Test: P-values 0.38 0.62 0.70
F-stat (first stage) 141.15
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.18: Using the average values in 1970 and 1980 to construct immigrant share of labor payments SIreo
B.8.5 The cutoff between tradable and nontradable occupations
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Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .2383*** .1571* .1177* .0866* .0332 .0436
(.0585) (.0849) (.0673) (.0511) (.0869) (.0868)
Io (N ) xro -.4393*** -.4809*** -.3941*** -.3964*** -.4863*** -.4239***
(.0958) (.0948) (.0874) (.1096) (.1317) (.1171)
Obs 28035 28035 28035 21262 21262 21262
R-sq .827 .827 .827 .692 .691 .692
Wald Test: P-values 0.02 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 105.66 63.63
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.19: Alternative tradability cutoff (21T and 21N)
Include the top 21 most tradable (and least tradable) occupations, dropping 8 middle occupations.
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Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .0353 -.0846 -.0407 -.0114 -.0683 -.0617
(.0508) (.0846) (.0571) (.0308) (.0551) (.0488)
Io (N ) xro -.2262*** -.2515*** -.2448*** -.3026*** -.382*** -.3042***
(.0727) (.0813) (.0752) (.0928) (.1155) (.0934)
Obs 33723 33723 33723 26644 26644 26644
R-sq .832 .832 .832 .7 .7 .7
Wald Test: P-values 0.02 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 99.52 53.11
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.20: Alternative tradability cutoff (30T and 20N)
Separate 50 occupations into 30 tradable and 20 nontradable occupations.
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .232*** .1484* .1156* .0867 .0267 .0454
(.0585) (.0844) (.067) (.0574) (.0943) (.0919)
Io (N ) xro -.3931*** -.2963*** -.2335*** -.3181*** -.3521*** -.3248***
(.084) (.083) (.0735) (.0936) (.1186) (.1151)
Obs 33723 33723 33723 26644 26644 26644
R-sq .84 .84 .839 .698 .698 .699
Wald Test: P-values 0.01 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 117.27 58.42
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.21: Alternative tradability cutoff (20T and 30N)
Separate 50 occupations into 20 tradable and 30 nontradable occupations.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .5898*** .6554*** .5115***
(.1276) (.1563) (.1109)
Io (N ) xro -.5533*** -.6957*** -.5321***
(.1332) (.1316) (.0843)
Obs 29122 29122 29122
R-sq .893 .893 .892
Wald Test: P-values 0.41 0.65 0.77
F-stat (first stage) 150.63
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.22: Alternative tradability cutoff (21T and 21N)
Include the top 21 most tradable (and least tradable) occupations, dropping 8 middle occupations.
Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .349*** .2964* .2742**
(.1037) (.1515) (.1265)
Io (N ) xro -.3232*** -.3465*** -.3023***
(.0926) (.0822) (.0676)
Obs 34892 34892 34892
R-sq .895 .895 .895
Wald Test: P-values 0.52 0.59 0.70
F-stat (first stage) 153.04
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.23: Alternative tradability cutoff (30T and 20N)
Separate 50 occupations into 30 tradable and 20 nontradable occupations.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .6055*** .6847*** .5256***
(.1317) (.162) (.1139)
Io (N ) xro -.5629*** -.6817*** -.5043***
(.1244) (.122) (.0863)
Obs 34892 34892 34892
R-sq .902 .901 .901
Wald Test: P-values 0.31 0.97 0.75
F-stat (first stage) 98.59
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.24: Alternative tradability cutoff (20T and 30N)
Separate 50 occupations into 20 tradable and 30 nontradable occupations.
B.8.6 Alternative mechanisms
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .0826* .1375** .11 -.0517 -.0746 -.0517
(.0442) (.0655) (.0672) (.036) (.0614) (.057)
Io (N ) xro -.3045*** -.4347*** -.3592*** -.2212** -.3263** -.2901**
(.0972) (.0831) (.0643) (.0921) (.1284) (.1146)
Obs 32997 32997 32997 24693 24693 24693
R-sq .822 .822 .822 .706 .706 .707
Wald Test: P-values 0.01 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 80.33 73.75
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.25: Dropping workers employed in routine-intensive occupations
Drop workers in routine-intensive occupations, defined as occupations that have a routine intensity (Autor and Dorn (2013)) higher than 75% of all
workers.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .3282** .3854* .3458**
(.1341) (.2166) (.1755)
Io (N ) xro -.2904** -.4286** -.3768***
(.1382) (.1756) (.1256)
Obs 33817 33817 33817
R-sq .89 .89 .891
Wald Test: P-values 0.46 0.69 0.70
F-stat (first stage) 97.61
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.26: Dropping workers employed in routine-intensive occupations
Drop workers in routine-intensive occupations, defined as occupations that have a routine intensity (Autor and Dorn (2013)) higher than 75% of all
workers.
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
βD .1124* -.0476 -.0256 -.0146 -.1364 -.116
(.0661) (.1156) (.0821) (.0541) (.0875) (.0852)
βDN -.2963*** -.2111* -.1997* -.2343*** -.3417*** -.2778***
(.074) (.1154) (.1032) (.079) (.1205) (.0996)
Obs 31172 31172 31172 22972 22972 22972
R-sq .839 .838 .839 .672 .671 .672
Wald Test: P-values 0.01 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 84.84 183.2
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.27: Dropping workers employed in communication-intensive occupations
Drop workers in communication-intensive occupations, defined as occupations that have a communication intensity index (Peri and Sparber
(2009)) higher than 75% of all workers.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
γ .4441*** .4082** .3781***
(.119) (.168) (.1347)
γN -.3639*** -.3259** -.3107**
(.126) (.1601) (.1275)
Obs 31974 31974 31974
R-sq .883 .883 .882
Wald Test: P-values 0.12 0.33 0.25
F-stat (first stage) 108.96
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.28: Dropping workers employed in communication-intensive occupations
Drop workers in communication-intensive occupations, defined as occupations that have a communication intensity index (Peri and Sparber
(2009)) higher than 75% of all workers.
B.8.7 Alternative occupation aggregations
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
βD .106** .0193 .0179 -.0237 -.088 -.0711
(.0467) (.0886) (.0626) (.0317) (.06) (.0516)
βDN -.2437*** -.2454*** -.2083*** -.2636*** -.3364*** -.2779***
(.0664) (.0729) (.0656) (.0883) (.1114) (.0975)
Obs 40218 40218 40218 31069 31069 31069
R-sq .825 .825 .825 .671 .67 .671
Wald Test: P-values 0.06 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 84.16 90.9
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.29: Disaggregating to 59 occupations
From 50 occupations, we disaggregate all but the five occupations that have the smallest cell sizes at the tenth percentile across CZs in the 1980
Census. These are Social Scientists and Urban Planners, Health Diagnosing, Adjusters and Investigators, Precision Textile, and Precision Wood.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
γ .3746*** .3593** .3012**
(.1027) (.1469) (.1183)
γN -.302*** -.3463*** -.2849***
(.1081) (.1191) (.0897)
Obs 41390 41390 41390
R-sq .889 .889 .888
Wald Test: P-values 0.08 0.85 0.75
F-stat (first stage) 102.18
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.30: Disaggregating to 59 occupations
From 50 occupations, we disaggregate all but the five occupations that have the smallest cell sizes at the tenth percentile across CZs in the 1980
Census. These are Social Scientists and Urban Planners, Health Diagnosing, Adjusters and Investigators, Precision Textile, and Precision Wood.
Dependent variable: log change in the employment of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
βD .2134*** .0871 .0946 -.0501 -.1433 -.1135
(.0793) (.1244) (.1163) (.0531) (.0919) (.0861)
βDN -.394*** -.4358*** -.3911*** -.2377*** -.2745** -.2299*
(.1203) (.1267) (.1114) (.0903) (.135) (.1254)
Obs 27475 27475 27475 20565 20565 20565
R-sq .837 .837 .837 .712 .712 .712
Wald Test: P-values 0.04 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 130.09 97.52
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.31: 41 occupations
Drop all nine baseline occupations that are aggregates of David Dorn’s categorization. Occupations dropped are Social Scientists, Urban Planners
and Architects, Health Technologists and Diagnosing, Secretaries and Office Clerks, Records Processing, Misc. Administrative Support, Precision
Food and Textile, Precision Other, Production Other, and Transportation and Material Moving.
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Dependent variable: log change in labor payments in a region-occupation, 1980-2012
(1) (2) (3)
OLS 2SLS RF
γ .5304*** .5474** .4485**
(.1626) (.26) (.1875)
γN -.5003*** -.606*** -.4866***
(.1529) (.191) (.1305)
Obs 28447 28447 28447
R-sq .894 .894 .894
Wald Test: P-values 0.42 0.49 0.57
F-stat (first stage) 155.78
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.32: 41 occupations
Drop all nine baseline occupations that are aggregates of David Dorn’s categorization. Occupations dropped are Social Scientists, Urban Planners
and Architects, Health Technologists and Diagnosing, Secretaries and Office Clerks, Records Processing, Misc. Administrative Support, Precision
Food and Textile, Precision Other, Production Other, and Transportation and Material Moving.
B.8.8 Industry analysis
In this section, we report results for our labor allocation and labor payments regressions applied to industries
rather than to occupations. We categorize all goods-producing industries—agriculture, mining, and man-
ufacturing—as tradable and all service-producing industries as non-tradable. In Table B.33, we list the 34
industries considered in this analysis, based on the sub-headings of the 1990 Census Industry Classification
System. This alternative industry-based classification has the advantage of using categories that are familiar
to trade economists in terms of the activities that are conventionally deemed tradable or nontradable. It has
the disadvantage, however, of excluding from tradables portions of the service sector in which activity ap-
pears to be highly traded. Because these activities are often occupation specific (e.g., programming software,
managing businesses, designing buildings), we use an occupation-based measure in our baseline analysis.
When we revisit our baseline analyses using industries, Table B.34 shows that our allocation regressions are
largely robust to using industries in place of occupations, and Table B.35 shows that our labor payments
regressions are fully robust to replacing occupations with industries. In the allocation regressions, the
impact of the immigration shock on tradables is positive but imprecisely estimated, consistent with the
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Tradable and non-tradable industries (goods vs. services)+
Tradable industries Non-tradable industries
Agriculture, forestry and fisheries Retail trade
Mining Personal services
Transportation equipment Professional and related services
Professional and photographic equipment and watches Transportation
Petroleum and coal products Wholesale trade, durables
Toys, amusement, and sporting goods Wholesale trade, nondurables
Printing, publishing and allied industries Communications
Apparel and other finished textile products Business and repair services
Manufacturing industries, others Finance, insurance, and real estate
Machinery and computing equipment Entertainment and recreation services
Rubber and miscellaneous plastics products Utilities and sanitary services
Textile mill products
Chemicals and allied products
Leather and leather products
Electrical machinery, equipment, and supplies
Furniture and fixtures
Tobacco manufactures
Food and kindred products
Lumber, woods products (except furniture)
Paper and allied products
Stone, clay, glass and concrete products
Table B.33: Tradable and non-tradable industries
Notes: +: We group all goods, i.e. agriculture, mining and manufacturing, as tradable industries; and all services as
non-tradable industries. We drop the construction industry for this analysis.
absence of crowding in or crowding out within tradables in our baseline analysis. Of course, the elasticity of
substitution between natives and immigrants within industries need not take the same value as its counterpart
within occupations. Hence, the key prediction is for the interaction between the immigration shock and
the nontradable dummy. This interaction term is negative and precisely estimated in all regressions for
high-education workers; while it is negative in all regressions for low-education workers, it is only significant
in the OLS specification. The results for our labor payments regression applied to industries are very similar
to our baseline results. There is a positive and significant effect of immigration on labor payments for more
immigrant-intensive industries within tradables and an effect within nontradables that is indistinguishable
from zero.
263
Dependent variable: log change in the employment of domestic workers in a region-industry, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .2441** .5744 .6119 .4303*** .5429 .5789**
(.1168) (.4335) (.4063) (.1313) (.3904) (.2888)
Io (N ) xro -.3473** -.4971 -.4842 -.7248*** -.9742** -.8986***
(.1372) (.4113) (.3481) (.1803) (.4814) (.318)
Obs 22067 22067 22067 17202 17202 17202
R-sq .827 .826 .828 .723 .723 .723
Wald Test: P-values 0.35 0.46 0.27 0.01 0.00 0.01
F-stat (first stage) 51.65 81.62
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βD + βDN = 0.
Table B.34: Domestic allocation of workers across industries using goods-producing industries as tradable
and service industries as non-tradable
B.9 Additional wage analysis
In examining the impact of immigration on native-worker wages in Section 2.4.5, we treat the unit of
analysis as the region-education group and consider how immigration shocks to tradable and nontradable
occupations within regions aggregate up to affect region-education-level outcomes. We aggregate up to
the region-education group level because we do not observe (in our data) wages per efficiency unit at the
region-occupation level, which is the outcome targeted by our theory. At the region-occupation level, all we
observe empirically is the change in the average wage for workers in a region-occupation, which conflates
changes in wages per efficiency unit with changes in wages driven by changes in the composition of workers
in the region-occupation, as workers select into or out of occupations and (or) regions in response to changing
labor market conditions. With a Fréchet-distribution of idiosyncratic productivity draws, these two forces
exactly balance out, implying that changes in average wages are equal across occupations within a region for
natives.
To examine this prediction of the Fréchet distribution empirically, Table B.36 presents results from estimating
a version of equation (63) in which we replace the dependent variable, wDro , with the observed change in the
average wage for a region-occupation, wageDro , measured separately for low- and high-education workers.
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Dependent variable: log change in labor payments in a region-industry, 1980-2012
(1) (2) (3)
OLS 2SLS RF
xro .4437*** .9535** .7295**
(.1661) (.4569) (.3101)
Io (N ) xro -.4743*** -.8382* -.5719*
(.1803) (.5033) (.3148)
Obs 22014 22014 22014
R-sq .838 .836 .839
Wald Test: P-values 0.80 0.35 0.16
F-stat (first stage) 61.31
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is γ + γN = 0.
Table B.35: Labor payments across industries using goods-producing industries as tradable and service
industries as non-tradable
For high-education native workers, the 2SLS regression in column (2) strongly supports the implications
of the Fréchet distribution: immigration has no differential effects on the average wages of high-education
natives in more immigrant-intensive occupations either withinin tradable or nontradable occupations. The
results for low-education natives are more mixed. Within nontradables, the 2SLS regression in column (2)
supports the implications of the Fréchet distribution (our Wald test cannot reject the hypothesis that there are
no effects on average native wages in more relative to less immigrant-intensive nontradable occupations).
However, within tradable occupations, the average wages of low-education natives rise in more immigrant-
intensive occupations, inconsistentwith our assumption of a Fréchet-distribution of idiosyncratic productivity
draws.
As a final exercise on earnings, we relate our analysis to the voluminous empirical literature on immigration
and wage outcomes. The specification in (65) is roughly analogous to the cross-area-study approach to
estimating immigration wage effects, which tends to find null or small negative impacts of local-area
immigrant inflows on wages for the native born (Blau and Mackie, 2016). Our specification differs in
important respects from commonly estimated regressions, which do not distinguish shocks within tradable
versus within nontradable occupations, as we do above by aggregating earning shocks across occupations
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Dependent variable: change in the average wage of domestic workers in a region-occupation, 1980-2012
(1) (2) (3) (1) (2) (3)
Low Ed High Ed
OLS 2SLS RF OLS 2SLS RF
xro .0382*** .0461** .0376** .003 -.0075 .0012
(.0136) (.0231) (.0172) (.021) (.031) (.0295)
Io (N ) xro -.0565** -.0828 -.0762** .0073 -.0223 -.0189
(.0276) (.0521) (.0374) (.0279) (.0365) (.0311)
Obs 33723 33723 33723 26644 26644 26644
R-sq .639 .639 .639 .613 .613 .613
Wald Test: P-values 0.34 0.38 0.18 0.64 0.36 0.52
F-stat (first stage) 105.08 72.28
Notes: Observations are for CZ-occupation pairs. The dependent variable is the log change in the average CZ-occupation wage
for native-born workers; the immigration shock, xro , is in (59); Io (N ) is a dummy variable for the occupation being
nontradable. All regressions include dummy variables for the occupation and the CZ-group (tradable, nontradable). Column
(1) reports OLS results, column (2) reports 2SLS results using (62) to instrument for xro , and column (3) replaces the
immigration shocks with the instruments. Standard errors (in parentheses) are clustered by state. For the Wald test, the null
hypothesis is that the sum of the coefficients on xro and Io (N ) xro is zero. Significance levels: * 10%, ** 5%, ***1%.
Table B.36: Average occupation wage for domestic workers
into the O(T ) and O(N ) sets.172 To contrast our approach with standard approaches, which tend to assume
a single aggregate production sector, we estimate the regression,
wageDre − wageDre′ = β0 + β1
(
x Ire − x Ire′
)
+ β2zr + υr . (139)
The dependent variable in (139) is the difference in the change in average log earnings between high-
education group e and low-education group e′ native-born workers, where raw earnings are residualized as
in (65) before averaging. The regressors are the difference in immigration exposure between high- and low-
education workers
(
x Ire − x Ire′
)
, and a vector of controls zr for initial regional-labor-market conditions.173
Immigration exposure x Ire is the percentage growth in immigrant labor supply for group e in region r times
the initial share of immigrant labor in group e earnings in total labor payments in region r . This specification
172For a related analysis, see Dustmann and Glitz (2015). While they do not examine differential impacts of immigration within
tradables versus within tradables, as we do, they do examine the impact of immigration on wage outcomes for workers who begin in
an aggregate tradable sector and those who begin in an aggregate nontradable sector, which complements our perspective of shock
transmission within aggregate groups.
173These initial-period controls are the shares of manufacturing, routine occupations, and women in regional employment, and
the log ratio of college-educated to non-college educated adults.
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is a reduced-form version of the main wage equation in Card (2009), where instead of using the change
in relative labor supply for all workers in groups e and e′ we use the weighted change in relative labor
supplies for immigrant workers (instrumented as above using the Card approach). Differencing changes in
log earnings between groups e and e′ helps remove from the specification region-specific shocks that affect
workers across education groups in a common manner (such as changes in the regional price level).




Exposure to Immigration -.0233 -.0103 -.0105
(.0247) (.0367) (.0378)
Obs 722 722 722
R-sq .49 .48 .49
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. All regressions include a
constant term, the initial share of employment in manufacturing, initial share of employment in routine occupations, initial log
ratio of college-educated to non-college education adults, and initial share of women in employment.
Table B.37: Difference in the change in the average log earnings between high- and low-education domestic
workers
Table B.37 reports results in which we estimate (139) using college educated workers for e and less-than-
college educated workers for e′. We find a negative but small and insignificant effect of immigration on
relative earnings, consistent with the many studies in the cross-area-regression approach. The difference
between these results and those in Table 2.3 highlight how the correlation between earnings and immigrant-
driven labor supply shocks in the aggregate may hide substantial variation across occupations in the impact
of these shocks, as well as differential adjustment within tradable and nontradable activities.
For comparison, we note that when we run this regression using model-generated data (using the reduced-
form version of x Ire without including controls zr ) we obtain β1 = −0.069.
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B.10 Additional details of the extended model
In this section we present additional details of the extended model.
B.10.1 System of equilibrium equations in changes
We describe a system of equations to solve for changes in prices and quantities in the extended model. We
use the “exact hat algebra” approach that is widely used in international trade (Dekle et al., 2008). We denote
with a “hat” the ratio of any variable between two time periods. The two driving forces are changes in the
national supply of foreign workers (denoted by Nˆ Ie ) and domestic workers (denoted by NˆDe ).
We proceed in two steps. First, for a given guess of changes in occupation wages for domestic and immigrant
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Here, Skre is defined as the total income sharewithin region r of workers of group k, e (such that
∑
k,e Skre = 1),
Skreo is defined as the cost (or income) share within region r of workers of group k, e in occupation o (such
that
∑
k,e Skreo = 1), and SIro denotes the cost (or income) share of immigrants in occupation o in region r
(i.e. SIro =
∑
e SIreo). If SIro = 0 (SIro = 1), when we set Wˆ Iro = 1 (WˆDro = 1).
Second, we update our guess of changes in occupation wages and changes in the supply within each region
r of domestic and immigrant workers by education (and, for immigrants, also by source country) until the
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, Sxr jo is the










. If N I sje = 0, then we set Nˆ
I s
re = 1.
In this second step, we solve for |O| × |R| unknown occupation wage changes for domestic workers and the





, and E I S  × |R| unknown changes in population of immigrant workers by region {Nˆ I sre },
using the same number of equations.174
The inputs required to solve this system are: (i) values of initial equilibrium shares piDreo , piIreo , SDre , SIre ,
SAro , Smjro , S
x
r jo and population levels for natives, immigrants by education and source country N
D
re , N I sre ; (ii)
values of parameters θ, η, α, ν and λ; and (iii) values of changes in aggregate domestic supply by education
NˆDe , and changes in aggregate immigrant supply by education and source country Nˆ I se . We have omitted














In the next subsection we show that equilibrium price and quantity changes in the extended model coincide
with those in the baseline version of our model if education groups within each k are allocated identically
174When we calibrate the model, we feed in exogenous changes in immigrant supply by education and region Nˆ Ire , and assume
that the supply of native workers by education and region is unchanged NˆDre = 1. That is, we do not solve for the endogenous
mobility of workers across regions.
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across occupations (i.e. pikreo = pikro for all e ∈ Ek ).
B.10.2 Relation between extended and baseline models
Consider a version of this extended model that takes as given changes in the population of domestic workers
and immigrants by education in each region (that is, there is no resorting of native and immigrant workers
across regions in response to shocks) and assumes no agglomeration externalities (λ = 0). Here we show that
equilibrium price and quantity changes coincide with those in the baseline version of our model if education
groups within each k are allocated identically across occupations (i.e. pikreo = pikro for all e ∈ Ek ).
For simplicity, we consider the mapping of the model specification with many immigrant groups and the
model specification with a single immigrant group (the same logic applies to map the model with many and
























e′ SIre′. In the system of equations above, the equations that involve immigrants and education
e can be written as






























































where NˆDre and Nˆ Ire are exogenously given. This system of equations is equivalent to the one in which there





Nˆ Ire . In this case, the exposure variable xro in the
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B.10.3 Basic analytic results in extended model
In order to characterize changes in occupation employment and wages in the model with multiple education
groups, we use a log-linearized system of equations under the small open economy assumptions of Section
2.3.2. We assume that there are no agglomeration externalities (λ = 0).
Combining equations (99), (100), and (120) (which hold with one or more education levels e) and setting
ar = 0 yields
lkro + S
−k








(ηpr + yr ) (140)
for k = D, I (where −k = D if k = I and −k = I if k = D) and where ro and Sxro are common for all
o ∈ O (g).








































In contrast to the model with a single education, in this case equations (100) and (143) do not imply that
wDro − wIro is common across occupations.
We aim to understand under what conditions in our extended model ρ = ro for all o ∈ O (g) implies neither
crowding in nor out, as it does in our baseline model. We therefore assume that ρ = ro for all o ∈ O (g).
Recall that if there is only one education group, then in response to changes in labor supply there is neither
crowding in nor crowding out for both worker types k. Consider the case with multiple education groups.
Equation (140)simplifies to




(ηpr + yr ) (144)
for all o ∈ O (g), for k = D, I. Combining (143) and (144) yields

















for all o, o′ ∈ O (g) . (145)
We use equation (145) to provide conditions under which there is no crowding in or out for worker type
k when ρ = ro . Suppose that at least one of the two following conditions is satisfied: (i) the share of
workers by education e in occupation o, Lkreo/Lkro , is common across all occupations o ∈ O (g), or (ii)
θwagekre − nkre is common across education levels e. Under either condition (i) or (ii), equation (145)
implies that wkro − wkro′ = 0 for all o, o′ ∈ O (g). By equation (142), this implies lkreo = lkreo′ for all
o, o′ ∈ O (g); that is, there is neither crowding in nor out across occupations in O (g). Condition (i) is




re′o′ for all e, e
′. A special case in which condition
(ii) is satisfied is when nkre = nkre′ for all e, e
′ and labor k is only employed in the set of occupations g, since
in this case wagekre = wkrg for all e.
We can use this result to understand why, in the calibrated model of Section 2.5, setting rT ≈ ρ results in
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neither crowding in nor crowding out for natives workers within the set of tradable occupations, as in the
model with a single education group. This is because immigration induces only small differential changes
across education groups in native population across space (via endogenous mobility of native workers) and
in average wages within a region: that is, nDre ≈ nDre′ and wageDre ≈ wageDre′ for all e, e′. Hence, condition
(ii) is approximately satisfied for native workers.
In Section B.12 of the Appendix we show that, because conditions (i) and (ii) are not satisfied for immigrant
workers, setting rT ≈ ρ implies that immigrantworkers reallocate systematically across tradable occupations
in response to an inflow of immigrants. As shown in Section B.12, this is also the case in the data when we
consider the allocation regressions for immigrant workers.
B.10.4 Bilateral trade and absorption shares
Given the difficulty of obtaining bilateral regional trade data by occupation that is required to construct initial
equilibrium trade shares Smjro and S
x
r jo , we construct them given assumptions on trade costs, as described in
Section 2.5.2. For nontradable occupations, we assume that trade costs are prohibitive across CZs (τr jo = ∞
for all j , r). This implies that Sxrro = Smrro = 1 and Sxr jo = S
m
r jo = 0 for all j , r . Absorption shares for





where occupation revenues, ProQro , are measured by labor payments of this occupation in the data, and
Er is equal to total expenditures in region r (which, by the assumption of balanced trade, is equal to the
sum of revenues—labor payments—across all occupatons). For tradable occupations, we assume instead
that trade costs between a given origin-destination pair are common across occupations, τr jo = τr jo′ for




for j , r . We also assume that
occupation demand shifters are common across regions for tradable occupations, µro = µo for o ∈ O(T ).
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where ErT denotes total expenditures on tradable occupations in region r , which by trade balance equals
the sum of revenues across tradable occupations and is related to aggregate expenditures and prices by
ErT = Er (Pr/PrT )η−1. We now describe how we solve for Er jo given measures of ErT , τr jo , and ProQro































1−α (PyrT )η−1 ErT , (147)


















Given measures of ErT , τr jo , and ProQro and parameter values α, η, we solve for OT  × |R| values of P˜ro





where Er jo is given by equation (147). Once we solve for tradable occupation prices P˜ro , we calculate Er jo ,
which allows us to construct import, export and absorption shares as
Smr jo =
Er jo∑





Figure B.1: 50% reduction in Latin American Immigrants: change in CZ price index against CZ exposure













In our model calibration, we assume (1 − α)ε = −1.29 and set τ¯ to target a weighted average of own export
shares Sownr across a selected subset of regions, as described next.
Measuring CZ-level export shares in tradables in the data. To measure CZ-level trade shares within
tradables, we use public tables from the 2007 Commodity Flow Survey (CFS), which include region-to-
region trade flows. For each of the 49 CFS origin areas (henceforth CFS regions), this data includes the value
of shipments that originate from the CFS region and are destined to all U.S. destinations as well as the value
of shipments that originate from and are destined for the same CFS region. For each region we construct
the own sales share, Sownr , as the value of shipments that both originate from and are destinated for the CFS
region relative to the value of shipments that originate from the CFS region and are destined for all U.S.
destinations. To concord these CFS regions to our CZs (of which there are 722), we take the following steps.
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We overlay 2007 CFS regions with 1990 CZ boundaries using QGIS. For each CFS region, we calculate the
area of intersection and the area of the union between the boundaries of the CFS region and the nearest CZ.
We consider a CFS region to be matched with a CZ if the area of the intersection of the two boundaries is at
least 70% of the area of the union of the two boundaries. Using this procedure, we obtain 23 CFS regions
that each match with one of our CZs, listed in Table B.38. We then construct the weighted average across
these 23 CFS regions of the own sales share, weighing by the CFS region’s total sales destined for all U.S.
destinations.
CFS Area Matched CZ code
Austin-Round Rock 31201
Baltimore-Towson 11302





















Table B.38: List of matched CFS regions and CZs
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B.10.5 Aggregate elasticity of substitution between natives and immigrants
Because it is not a structural parameter in our model, in our parameterization we do not target the elasticity
of substitution between domestic and immigrant workers with similar education levels at the national level.
Ottaviano and Peri, 2012 (henceforth OP) have estimated this parameter, σN , using annual variation in factor











where Ie and It are skill-group (OP leverages variation across education-experience cells whereas we only
have education cells in our model) and time effects. Differencing between two time periods, the previous
regression becomes






+ ι˜et . (149)
To estimate this regression in data generated by our model, we take the following steps. First, starting
from an initial equilibrium, we feed into our quantitative model a one-time change in national supplies
of natives and (all source countries of) immigrants within each education group, {nkse }e,k,s , and solve the
model’s general equilibrium, allowing for all workers to reallocate across occupations and regions. Second,
since we have three immigrant and only two native education groups, within each region we aggregate
wage changes across low- (high school dropout) and medium- (high school graduate and some college)
education immigrants to construct changes in average wages for immigrants without a college degree by
region. Similarly, since we have many regions, we aggregate wage changes across CZs to construct national
average wage changes for immigrants with and without college degrees and for natives with and without
college degrees. Finally, the parameters I˜t and σN are then exactly identied in equation (149), where
σN =
(
nDHt − nIHt − nDLt + nILt
) / (
wageIHt − wageDHt − wageILt + wageDLt
)
.
We estimate σN using data generated by our model in the two counterfactuals considered in Section 2.6. In
these two exercises, we find thatσN is equal to 7.9 (using data generated from theLatinAmerican immigration
counterfactual) and 10.1 (using data generated from the high-education immigration counterfactual). These
estimates of σN are at the lower end of the range estimated by the literature. Note that our implied estimate of
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σN is higher than the structural elasticity of substitution within occupations, ρ = 5.6, which reveals that our
calibrated within-occupation substitution between immigrants and natives is consistent with a high degree
of (reduced-form) immigrant-native substitution in aggregate quantities.
B.11 Average wage changes for native workers
In this section we report results for wage regressions using data generated by our model. Our objective here
is to show the connection, in our extended model, between estimating χD and χDN using regression (63),
which we cannot estimate in the data given the unobservability of occupation wages, and using regression
(65), which aggregates across occupations.
Panel A of Figure B.2 reports the estimates of χD and χDN from our occupation wage regression (63) based
on our parameterization in which we vary η from 1 to 9. At our baseline calibration of η = 1.94, coefficient
estimates are consistent with neither crowding in nor crowding out within tradable jobs, χD ≈ 0, and
crowding out within nontradable jobs, χDN = −0.15. If instead we impose η = α = 7 (so that rT = rN ), we
obtain χD > 0 and χDN ≈ 0, implying crowding in (since ρ < rT = rN ) that is no different in tradable or
nontradable occupations. More generally—and consistent with equations (55) and (56) in Section 2.3.2—for
any value of η the coefficients of the occupation wage regression, shown in Panel A of Figure B.2, roughly
equals a multiple of 1/ (θ + 1) times the coefficients of the allocation regression, shown in Figure 2.1.
Panel B of Figure B.2 reports estimates of χD and χDN from our average wage equation (65) using model-
generated data from our baseline parameterization.175 Comparing Panels A and B, we see a tight link in
the extended model between the reduced-form coefficients in (65) (Panel B), which are based on changes in
averagewages for each commuting zone education-group pair, and those in (63) (Panel A), which are based on
changes in occupation wages for each commuting zone. At our baseline calibration, we estimate χD = 0.00
and χD + χDN = −0.15 using variation in occupation wage changes, whereas we estimate χD = 0.01 and
χD + χDN = −0.18 using variation in commuting zone wages. Thus, under the conditions imposed by our
model, we can obtain a rough estimate of the coefficients from the occupation-wage equation—which reveal
175Although equation (65) is not structural, it fits the model-generated data quite well: across all values of η, the R2 of our
regression is at least 0.98.
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Figure B.2: Estimates from wage regressions in model generated data
The left and right panels report estimates of the occupation wage regression (63) and the average wage regression (65) varying η from 1 to 9 and
holding all other parameters at their baseline levels. The vertical lines represents the baseline value of η = 1.94 and the value of η = α = 7.
crowding out (in)—by estimating the average wage regression.
A natural question is whether in our empirical analysis we can similarly use estimation results for the
regression in (65) to draw inferences about the crowding out (in) that we would detect were we able to
estimate the regression in (63) using actual data (which we cannot, owing to the absence of wage data on
efficiency labor units at the occupation level). This question is pertinent, given that the wage results for (63)
in Table 2.3 indicate crowding out of natives within nontradables and crowding in of natives within tradables,
whereas the the allocation results for (60) in Table 2.1 deliver modestly different results, with a stable finding
of crowding out within nontradables but a distinct result of neither crowding in nor crowding out within
tradables. Here, we suggest caution in interpreting Table 2.3, given the stronger identifying assumptions
needed to generate these results. That is, because in our region-occupation allocation regressions we are
able to control for occupation and region-group fixed effects, we need make only the comparatively weak
identifying assumption that the Card instrument we utilize is uncorrelated with region-occupation-specific
shocks. By contrast, when estimating our wage regressions we are forced to aggregate up to the region-
education group level, requiring us to make the comparatively strong identifying assumption that the relevant
Card instrument is uncorrelated with region-specific shocks. In light of the weaker identifying assumptions
needed for the allocation regressions, we see these results as providing a more compelling basis for inference
about crowding out.
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B.12 Immigrant occupation reallocation
In Section 2.4 we analyze empirically how native workers reallocate across occupations in response to
immigration. In this section, we analyze the reallocation of immigrant workers, both in the extended model
and in the data. We show that the predictions of our extended model are qualitatively consistent with the
data for all immigrant education groups: both in the model and in the data there is stronger immigrant
crowding out within nontradable occupations than within tradable occupations, immigrants are crowded out
of immigrant-intensive nontradable occupations, and (unlike natives) immigrants are also weakly crowded
out of immigrant-intensive tradable occupations.
In presenting these results, it is worth repeating that our model does not imply that an immigrant influx raises
the shares of immigrants who are employed in immigrant-intensive occupations, either within tradables
or within nontradables.176 Rather, as our analytic results make clear and our discussion in footnote 98
emphasizes, ourmodel implies that in general an immigrant labor inflow to a region is correlatedwith changes
in occupation prices (where this correlation is more negative within nontradables than within tradables),
occupation output (where this correlation is more positive within tradables than within nontradables), and
occupation total revenue (where this correlation is more positive within tradables than within nontradables),
while generating relatively more crowding out within tradable than within nontradable jobs. At our baseline
parameterization, we now show that our model predicts that a foreign labor inflow generates crowding out
of immigrants within tradable and stronger crowding out of immigrants in nontradable occupations (i.e., in
response to an immigrant inflow, the shares of immigrants employed in immigrant-intensive occupations
decline within the tradable and the nontradable groups, though more within the former than within the latter).
We then show that we obtain qualitatively similar results empirically.
First using model-generated data from our extended model and then using Census/ACS data, we estimate
separately for the three immigrant education groups the regression,
176For clarity, we emphasize that crowding out does not imply that in response to an increase in the number of immigrants, the
employment level of immigrants in immigrant-intensive occupations falls, but instead that the share of immigrant employment in







I xro + β IN Io (N ) xro + ν
I
ro . (150)
Table B.39 reports three sets of results for immigrant education groups when estimating regression (150)
using model-generated data. First, we find more crowding out within nontradable than within tradable
occupations, β IN < 0, consistent with our empirical results for natives. Second, we find crowding out within
nontradable occupations, β I + β IN < 0, again consistent with our empirical results for natives. Finally, we
find crowding out within tradable occupations, β I < 0, unlike our empirical results for natives. While two of
these three results are similar to our empirical (and quantitative) results for natives, the third is not.
Low Ed Med Ed High Ed
β I −0.08 −0.09 −0.08
β IN −0.19 −0.24 −0.30
R-sq 1.00 0.99 0.93
Table B.39: Allocation for immigrant workers across occupations in model-generated data
Turning to Census/ACS data, Table B.40 reports a corresponding set of estimation results for the three
immigrant education groups. First, we find more crowding out of immigrant workers within nontradable
than within tradable occupations, β IN < 0, for all education groups and across all empirical specifications,
consistent with our quantitative results in Table B.39. Second, we find crowding out within nontradable
occupations, β I + β IN < 0, for all immigrant education groups and across all empirical specifications,
again consistent with our quantitative results in Table B.39. Finally, we find evidence of crowding out
within tradable occupations, consistent with our quantitative results in Table B.39, although these results
are somewhat less clear cut than in the model-generated data. Specifically, within tradables we obtain
statistically significant crowding out for high-education immigrants but obtain imprecise estimates for both
low- and medium-education immigrations (with one positive and the other negative). In summary, our
model’s predictions for immigrant allocations—reported in Table B.39—are qualitatively consistent with
immigrant allocations observed in the data—reported in Table B.40.
Finally, we remark that while our empirical results for immigrant allocations are consistent with our model-
based predictions, it may appear puzzling that our model predicts crowding out for immigrants within
tradables (β I < 0) but neither crowding in nor out for natives within tradables (βD ≈ 0). How could
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Dependent variable: log change in the employment of immigrant workers in a region-occupation,
1980-2012
(1a) (2a) (3a) (1b) (2b) (3b) (1c) (2c) (3c)
Low Ed Med Ed High Ed
OLS 2SLS RF OLS 2SLS RF OLS 2SLS RF
xro .3345 .6316 .1753 -.2132 -.3846 -.26 -.8253*** -1.391*** -.9635***
(.2889) (.6106) (.3309) (.1937) (.3099) (.1934) (.1717) (.265) (.1971)
Io (N ) xro -1.425*** -2.036** -1.379*** -.8943*** -1.203*** -.8488*** -.4716*** -.6842** -.3991**
(.3988) (.8431) (.379) (.2317) (.3529) (.134) (.1736) (.2895) (.1814)
Obs 5042 5042 5042 13043 13043 13043 6551 6551 6551
R-sq .798 .797 .799 .729 .728 .73 .658 .649 .662
Wald Test: P-values 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
F-stat (first stage) 863.39 185.66 128.32
Standard errors clustered by state in parentheses. Significance levels: * 10%, ** 5%, ***1%. For the Wald test, the null
hypothesis is βI + βIN = 0.
Table B.40: Allocation for immigrant workers across occupations
The table reports estimates of n Iro = α Irg + α Io + β I xro + β IN Io (N ) xro + υ
I
ro separately for each education group.
immigration lead to more crowding out among immigrants than among natives within tradables? To be
sure, the divergence between native and immigrant reallocations within tradable jobs is inconsistent with
the analytic results for our model in Section 2.3, which has a single education group, in which case the




ψr , is common across natives and
immigrants. In subsection B.10.3, we provide an analytic result—in an extension of our baseline model that
incorporates many education levels—that suggests why divergence in results on crowding out for immigrants
and natives becomes possible once we have multiple education categories. We show in a special case in
which rT = ρ (i.e., the output price elasticity in tradables equals the immigrant-native substitution elasticity)
that an influx of immigrants will induce neither crowding in nor crowding out of natives (consistent with our
results with only one education group) but that it will induce crowding out for immigrants. Specifically, when
rT = ρ, our model’s prediction for reallocation for group k = D, I into (or out of) occupation o in region









in native average wages, wageDre , and native supplies, nDre , at the region-education level do not vary much
across regions with an immigrant influx, this term is small for natives. By contrast, this term is larger for
immigrants since variation in wageIre and nIre across regions is larger. The presence of this additional term
for immigrants (which is closer to zero for natives) allows crowding out effects for natives and immigrants
within tradables to be dissimilar. Note that as long as our Card instrument is valid, the presence of this
additional term in the allocation regression does not complicate estimation because this regression is reduced
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form. This reduced-form immigrant allocation regression provides useful identified moments that we do not
target and with which our model is qualitatively consistent, as we show in Tables B.39 and B.40.
Appendix C. Chapter 3 Supplementary Figures & Tables
C.1 List of Non-Tradable Services Occupations
• Supervisors of guards
• Fire fighting, prevention, and inspection
• Police, detectives, and private investigators
• Other law enforcement: sheriffs, bailiffs, correctional institution officers
• Crossing guards and bridge tenders
• Guards, watchmen, doorkeepers
• Supervisors of food prep and service
• Bartenders
• Waiter/waitress
• Cooks, variously defined
• Food counter and fountain workers
• Kitchen workers
• Waiter’s assistant
• Misc food prep workers
• Supervisors of cleaning and building service
• Supervisors of landscaping, lawn service and groundskeeping




• Pest control occupations
• Gardeners and groundskeepers
• Housekeepers, maids, butlers, stewards, and lodging quarters cleaners
• Private household cleaners and servants
• Laundry and dry cleaning workers
• Dental assistants
• Health aides, orderlies, and attendants
• Health and nursing aides
• Barbers
• Hairdressers and cosmetologists
• Recreation facility attendants
• Guides
• Ushers
• Public transportation attendants and inspectors
• Baggage porters
• Recreation and fitness workers
• Child care workers
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C.2 Definition of high-skilled abstract task-intensive occupations
To ascertain that there is indeed a spatial dimension in the evolution of skill distributions, we take a closer
look at the correlation between changes in the share of higher skilled occupations and the size of cities. To do
so, we need to construct a summary statistic for the relative share of high-skilled workers. Autor et al. (2003)
(ALM henceforth) show that occupations intensive in abstract creative, problem solving and coordination
tasks performed by highly-educated workers such as professionals, managers and technical personnels are in
the right most tail of the occupation skill and wage distribution.
We hence construct our summary index of abstract task-intensive activities within MSAs. We measure
abstract task-intensive activities using the occupational composition of employment. Following ALM,
we merge job task requirements from the fourth edition of the US Department of Labor’s Dictionary of
Occupational Titles (DOT) (US Department of Labor 1977) to their corresponding Census occupation
classifications to measure abstract, routine and manual task content by occupation.177 While our theoretical
model assumes that workers supply either abstract, routine or manual tasks, the DOT permits an occupation
to comprise multiple tasks at different levels of intensity. We combine these measures to create a summary
measure of routine task-intensity ATI by occupation, calculated as






k,1980 are, respectively, the abstract, manual and routine in each occupation in k in
1980. This measure is rising in the importance of abstract tasks in each occupation and declining in the
importance of manual and routine tasks. The intensity of both abstract and manual task activities is roughly
monotone in occupational skill while the intensity of routine task activities is highest in the middle of the
skill distribution.
To measure abstract task intensity at the geographic level, we take two additional steps. We first use the
ATI index to identify the set of occupations that are in the top employment-weighted one-third abstract task
177Following Autor and Dorn (2013), we collapse ALM’s original five task measures to two task aggregates for abstract, and
routine & manual tasks.
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intensity in 1980. We refer to these as abstract task-intensive occupations.
The choice of 67-percentile is consistent with the cut-off chosen Autor and Dorn (2013). In addition, as
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Occupation Rank by Mean Wage in 1980
Figure C.1: Abstract Task-Intensive Occupations and Occupational Skill Rank
Source: Census IPUMS 5 percent samples for year 1980 and Census American Community Survey (1
percent) sample for 2010. All occupation in these samples refer to prior year’s employment. The figure
plots share of abstract task-intensive employment by 1980 occupation skill percentile rank using a locally
weighted smoothing regression (bandwidth 0.8 with 100 observations).












where Nckt is the employment in occupation k in MSA c at time t, and 1[·] is the indicator function, which
takes the value of one if the occupation is abstract task-intensive by our definition.
Figure 3.2 plots the change in shares of abstract-intensive employment against metropolitan area population
in 1980 and 2010. The left panel plots the data; the right panel plots a locally weighted regression for each
year. From 1980 to 2010, larger cities experience a larger increase in the share of abstract task intensive
employments.
178As a robustness check, we also perform the analysis by setting the cutoffs at 75-percentile and 50-percentile. The main results
do not change.
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C.3 Homogeneous Equilibrium: Definition and Stability




This approach is commonly used in the literature (see e.g. ?). However, the analysis is straightforward if
goods and labor markets clear city by city, i.e. individual utility function can be written as a function of
the population in that location. In spatial equilibrium, if we shut down labor mobility, economic outcomes
(in expectation) does not change. However, in our model, wage of production workers is determined by the
spatial non-arbitrage condition, i.e. equation (72). If workers cannot move in equilibrium, clearing goods
and labor market would require




a(z∗n )lβ µ(z, n)dz = (1 − α)Wn .
Apparently, outcomes are very different from our spatial equilibrium case, where we pin down workers’
wage by the inseparability of labor market outcomes and labor mobility. To evaluate stability of equilibrium
outcomes, we are adopting the approached developed by Davis and Dingel (2012). The idea is to main-
tain spatial equilibrium among production workers, and assess stability based on managers’ incentives to
move.
We start from equilibrium allocation of µ∗(z, n), and consider a perturbation in which a small mass of
managers (and their corresponding production workers) move from one city (cities) to another (other cities).
The equilibrium is stable if managers who moved would obtain higher utility in their equilibrium cities than
in their new location.
Definition 1: A perturbation of size  is dµ(z, c), a measure of skill z in city c, satisfying:
1. L ·∑c ∫ z |dµ(z, c) |dz = 2 :  mass is moved.
2.
∑
c dµ(z, c) = 0 ∀z: Aggregate population is unchanged for all z.
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3. {c : dµ(z, c) > 0} is a singleton and {c : dµ(z, c) < 0} is also a singleton: that is we move some agents
from one single city to another city
Definition 2: µ∗(z, c) is locally stable if there exists an ¯ > 0 such that:
log v(z, c1) ≥ log v(z, c2)
such that z > z∗, dµ(z, c1) < 0 and dµ(z, c2) > 0 for all population allocations µ′∗(z, c) = µ∗(z, c)+dµ∗(z, c)
in which dµ is a perturbation of size  ≤ ¯ ; under µ′∗(z, c), individuals maximize, markets clear and prices
satisfy pricing equations.
Proposition 11 states that a systems of identical cities is not locally stable. We prove the results of this
proposition below.
Proof: Without loss, suppose we move managers with City 1 to City 2.
Since log f (z, Zc ) is super-modular, the highest skilled producers have the most to gain from a move.
It is sufficient to consider a perturbation of size  s.t. [z∗( ),∞]move from City 1 to City 2. The equilibrium




log f ( zˆ, Z ′c2 ) − log f ( zˆ, Z ′c1 )
]
≤ (1 − α)[log p′2 − log p′1]





log f ( zˆ, Z ′c2 ) − log f ( zˆ, Z ′c1 )
]
≤























This inequality is violated if Z or zˆ are sufficiently large, since log f ( zˆ, Z ′c ) is unboundedly increasing in
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both zˆ and Zc .
C.4 Demand for Production Workers
We want to derive labor demand for production workers given by equation 80.




, then from Proposition 8:
Gnc (x) = Pr (Xnc ≤ x) = Pr (Anc ≤ τncwβc x) = e−Tnc (τncw
β
c )−θ x−θ




















Given lnc (z) = β
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−θ ) Φ 1θ (1−β)−1n [∫ ∞
z∗









− 1θ (1−β) e−ydy.
C.5 Two-City Model
For analysis below, we assume τ12 = τ21 = τ and T12 = T21 = T . Zn are given by the following
equations:
Z1 = J (
∫ z¯
z∗
j (z) · µ(z)dz)
Z2 = J (
∫ ∞
z¯
j (z) · µ(z)dz)
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First consider distribution of managers in the two cities, which is determined by two skill cut-off points,
z∗ and z¯. z∗ and z¯ are given by the occupation indifference condition and spatial indifference condition
respectively.







θ(1 − β) [logΦ1 − logΦ2] +
1
1 − β [log f (Z1, z¯) − log f (Z2, z¯)] = (1 − α) [log p1 − log p2]
where
Φ1 = T (w
−βθ
1 + τ




To determine, p1, p2,w1,w2, we have:
logw1 − (1 − α) log p1 = logw2 − (1 − α) log p2
























where Lw1 and L
w
2 represent the number of production workers in City 1 and City 2, and are given by the two
equations below:
Lw1 = L
w
11 + L
w
21
= Lηw−11
[
Tw−βθ1 Φ
1
θ (1−β)−1
1
(∫ z¯
z∗
f (Z1, z)
1
1−β µ(z)dz
)
+ Tτ−θw−βθ1 Φ
1
θ (1−β)−1
2
(∫ ∞
z¯
f (Z2, z)
1
1−β µ(z)dz
)]
Lw2 = L
w
22 + L
w
12
= Lηw−12
[
Tτ−θw−βθ2 Φ
1
θ (1−β)−1
1
(∫ z¯
z∗
f (Z1, z)
1
1−β µ(z)dz
)
+ Tw−βθ2 Φ
1
θ (1−β)−1
2
(∫ ∞
z¯
f (Z2, z)
1
1−β µ(z)dz
)]
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